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The genes and mechanisms underlying quantitative disease resistance remain largely 
elusive. The objective of this dissertation was to resolve the structure of multiple 
disease resistance loci, explore the dynamics that shape the genome at those loci, and 
identify genes associated with plant defense. In order to do this, both locus-specific 
and genome-wide approaches were taken, as each resistance locus has a unique 
resistance profile and mechanism(s) of resistance. Bins 1.02 and 1.06 of the maize 
genome carry loci of interest conditioning multiple disease resistance. The two loci 
differ in allelic diversity, pathogen specificity, and mechanism of resistance. The locus 
in bin 1.06 is particularly interesting, as it has been characterized as yield-stabilizing 
and exhibits signs of genome plasticity. I have used fine-mapping, association 
mapping, expression evidence, and mutant analysis to dissect these loci, identify 
candidate genes, and demonstrate the role of candidate genes in plant defense. Each 
locus was unique, although common themes arose. Both loci may have multiple 
underlying genes, demonstrating that the genetic architecture of disease resistance is 
complex. Resistance to multiple diseases appears to be due to linkage, although there 
may be a role for pleiotropy at both loci. Fine-mapping narrowed the intervals, and 
was complemented by association mapping and expression analysis to evaluate 
candidate genes. A putative remorin was implicated by fine-mapping and expression 
analysis; roughsheath2-interacting KH domain protein (rik) and pangloss1 (pan1) 
 were identified through fine-mapping and association mapping. rik was later 
eliminated as a candidate for the QTL of interest through fine-mapping and 
association mapping. Mutants were used to confirm the role of candidate genes in 
plant defense, including for pan1 and the putative remorin. Based on these results, 
pan1 was inferred to be a susceptibility gene for NLB and Stewart’s wilt, and 
increased resistance was correlated with decreased expression. Susceptibility 
conditioned by wild-type pan1 could be due to a passive mechanism, such as altered 
anatomical structures, or an active process, such as actin re-organization during 
pathogen attack. To test genome-wide association mapping candidate genes, mutants 
were identified and evaluated for NLB phenotype. Approximately 37% of the 123 
families tested differed in disease phenotype from the background line. One of these 
was the putative remorin gene, which was inferred to contribute to resistance. Overall, 
I have examined candidate genes, explored genomic structure at these loci, and 
demonstrated a role for pan1 in resistance to multiple diseases. 
 
 
 iii 
BIOGRAPHICAL SKETCH 
Tiffany was born and raised in Upper Bucks County, Pennsylvania. She attended 
Moravian College in Bethlehem, PA. While doing an internship in a microbiology lab 
in Germany, her interests in host-microbial interactions and genetics were sparked. 
After graduating with a B.A. in German and a B.S. in Biology in 2008, she began her 
graduate studies at Cornell in 2008. While at Cornell her interests in plant breeding 
have developed and she has gained experience in international agriculture. She is 
fascinated by the intimate interaction between host and pathogen and the dynamics 
that shape the plant genome. During this time she met and married her husband, 
Santiago. Their son, Lucas, was born in 2011.  
 
  
 iv 
 
 
 
 
 
 
 
 
 
 
 
Dedicated to my husband, Santiago
 v 
ACKNOWLEDGMENTS 
 
I would like to thank Rebecca Nelson for the opportunity to pursue my graduate 
studies in her lab. Her energy and enthusiasm have been inspiring, and I am extremely 
grateful for the flexibility she has offered. She has always provided new ideas and new 
directions to explore. I hope that I have captured her ideas and advice in this 
dissertation. 
 
I would like to thank my committee members, Susan McCouch and Margaret Smith. I 
have profound respect for them and their achievements, and I have appreciated their 
time and input over the years on my projects. They always made time to meet with me 
and have provided excellent advice when I thought I had reached a dead-end.  
 
I would also like to thank Randy Wisser and the other PIs on the NSF grant that 
provided the funding for this research. They have contributed ideas and advice on this 
research during project meetings, and working as part of this team has been an 
excellent learning experience. I would also like to acknowledge the time and effort 
that Laurie Smith has contributed to the 1.06 and pan1 work. It added depth and 
enriched this project. I value the different background with which she approached the 
research and scientific questions. These team experiences have made my education 
more well-rounded and developed not only my hard skill set, but also my soft skill set. 
 
I would like to thank the other members of the R. Nelson lab, both past and present. 
Chia-Lin Chung and Jesse Poland gave invaluable advice and shaped the early 
directions of this work. Judy Kolkman provided appreciated insights. Other lab 
members, including Santiago, Jaci, Laura, Tyr, and Jenny have provided valuable 
 vi 
feedback and were companions throughout this journey. I have appreciated how 
everyone has been willing to help with large tasks, such as planting and harvest.  
 
Many thanks to the undergraduates who assisted with field and lab work over the 
years, including Alyssa Cowles, Xingyu Luo, Ariel Fialko, Will Miller, Chris 
Mancuso, and Catherine Constas. Without their help, this work would not have been 
possible.  
 
Most importantly, I would like to thank my family for their loving support. I would 
especially like to thank my husband, Santiago. His sacrifices, encouragement and 
advice made this work possible.  
 
Finally, I would like to acknowledge the department of Plant Pathology and Plant-
Microbe Biology at Cornell University, the McKnight Foundation, and the National 
Science Foundation for their financial support. 
 vii 
TABLE OF CONTENTS 
Page 
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .      i 
Biographical sketch . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .   iii 
Dedication . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    iv 
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .     v 
Table of contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .   vii 
 
CHAPTER 1 
THE GENETIC BASIS OF DISEASE RESISTANCE IN MAIZE . . . . . . . . . . .       1 
Abstract  . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  .        1 
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .       2 
Understanding the intruders: diseases of maize  . . . . . . . . . . . . . . . . . . . . . . .       3 
Understanding the system: Genetic architecture of disease resistance in maize and 
biological insights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .       5 
Translating knowledge to action: breeding for disease resistance . . . . . . . . .        14 
Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    19 
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    22 
 
CHAPTER 2 
UNRAVELING GENOMIC COMPLEXITY AT A QUANTITATIVE DISEASE 
RESISTANCE LOCUS IN MAIZE IMPLICATES STRUCTURAL VARIATION 
AND THE RECEPTOR-LIKE KINASE PAN1 . . . . . . . . . . . . . . . . . . . . . . . . . .    39 
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    39 
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .     40 
Materials and methods   
Plant materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .     45 
Disease trials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    46 
Genotyping assays . . . . . . .. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  . .    47 
Experimental design and statistical analysis . . . . . . . . . . . . . . . . . . . . . .         49 
Recombination rate diversity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    50 
Read depth variation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .     50 
Candidate gene identification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .     51 
Association analysis of the 282-line maize diversity panel . . . . . . . . . .          51 
Mutant analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    51 
RT-PCR analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    52 
Results 
Identification of multiple disease resistance in bin 1.06 . . . . . . . . . . . . . .    53 
Fine-mapping of multiple disease resistance at 1.06 . . . . . . . . . . . . . . . . .    53 
Genomic integrity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .     54 
Candidate genes underlying qSw1.06Tx303  . . . . . . . . . . . . . . . . . . . . . . . . .    55 
Candidate genes underlying qNLB1.06Tx303 . . . . . . . . . .. . . . . . . . . . . . . .    56 
Association mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .     57 
pan1 is a susceptibility gene for NLB . . . . . . . . . . . . . . . . . . . . . . . . . . . .    57 
Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    58 
 viii 
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    64 
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    80 
 
CHAPTER 3 
MULTIPLE GENES, INCLUDING A PUTATIVE REMORIN, ARE IMPLICATED 
IN QUANTITATIVE DISEASE RESISTANCE AGAINST DIVERSE PATHOGENS 
OF MAIZE 
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  . . . . . . . . . .     93 
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    94 
Materials and methods 
 Plant materials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    97 
Disease evaluations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    98 
Genotyping assays . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  101 
Marker development . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  102 
QTL mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  103 
Field trials . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .   103 
Statistical analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  104 
Identification of candidate genes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  104 
Association analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  105 
Sequence analysis of rik . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  105 
Expression analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .    106 
Mutant analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  107 
Results  
Mapping of qNLB1.02 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  108 
High-resolution mapping of qNLB1.02 . . . . . . . . . . . . . . . . . . . . . . . . . . .  108 
Broad-spectrum disease resistance conditioned by q1.02B73 . . . . . . . . . . .  109 
2010 Candidate genes underlying qNLB1.02B73 . . . . . . . . . . . . . . . . . . . . .  109 
rik: a refuted candidate and a case of an evolving analysis . . . . . . . . . . . .  110 
Fine-mapping 2012 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  111 
Expression analysis of fine-mapping candidate genes . . . . . . . . . . . . . . . .  111 
Mutant analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  112 
Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  112 
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  115 
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  133 
 
CHAPTER 4 
TESTING THE HYPOTHESIS: VALIDATION OF ASSOCIATION MAPPING 
FOR NORTHERN LEAF BLIGHT IN MAIZE 
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  143 
Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  144 
Materials and methods  
 Identification of genes implicated by genome-wide nested association  
mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  146 
Identification and selection of UniformMu lines carrying insertions within or 
adjacent to genes of interest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  147 
 ix 
Genotyping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  147 
Phenotypic evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  148 
Statistical analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  149 
Results  
 Candidate gene identification . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  149 
Families showing significant differences . .. . . . . . . . . . . . . . . . . . . . . . . . .  150 
Families with significantly different phenotypes than W22 . . . . . . . . . . . .  150 
Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  151 
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  159 
 
CHAPTER 5 
CONCLUSIONS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  165 
Genetic architecture of disease resistance . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  165 
Identifying genes associated with resistance . . . . . . . . . . . . . . . . . . . . . . . . . . .  167 
Breeding for disease resistance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  169 
Plant pathology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  170 
Future directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  170 
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  172 
APPENDIX . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  174
 x 
LIST OF FIGURES 
CHAPTER 2 
 Figure 1. Near-isogenic line development 
 Figure 2. Mapping of qNLB1.06 and breakpoint analyses for qNLB1.06 
Figure 3. Recombination rates 
Figure 4. Read depth variation across qNLB1.06 fine-mapping region 
Figure 5. Diversity panel association 
Figure 6. Disease phenotypes of pan mutants 
CHAPTER 3 
Figure 1. Fine-mapping breakpoint analysis 
Figure 2. Multiple disease resistance fine-mapping 
 Figure 3. Race testing for qNLB1.02 
Figure 4. Association and expression analysis for rik 
Figure 5. Expression analysis for positional candidates 
Figure 6. Mutant analysis for the putative remorin 
CHAPTER 4 
Figure 1. Insertion map 
 
 xi 
LIST OF TABLES 
CHAPTER 1 
 Table 1. Resources 
CHAPTER 2 
Table 1. Markers 
Table 2. NLB QTL mapping studies 
Table 3. Candidate genes 
CHPATER 3 
 Table 1. Fine-mapping markers 
 Table 2. Primers 
CHAPTER 4 
Table 1. Genes implicated by Chia et al., (2012) for NLB resistance 
Table 2. Families with significant within family variation 
Table 3. Uniform Mu lines significantly different than W22
 xii 
  LIST OF ABBREVIATIONS 
dQTL- disease quantitative trait locus 
LRR- leucine rich repeat 
GWAS- genome-wide association study 
NIL- near-isogenic line  
NLB- northern leaf blight 
MDR- multiple disease resistance 
QTL- quantitative trait locus
  1 
CHAPTER 1 
THE GENETIC BASIS OF DISEASE RESISTANCE IN MAIZE1 
 
Abstract 
This chapter presents an overview of diseases important to global maize production, 
outlines the current understanding of the genetic underpinnings for resistance to these 
diseases, and explores how these findings can be used to improve maize. With a primary 
focus on fungal diseases, we review the current understanding of qualitative and 
quantitative resistance. In order to dissect the genetics of quantitative resistance to three 
important diseases, new datasets and resources have been utilized. A number of 
populations have been evaluated for various maize diseases, including biparental 
populations, association mapping panels, and the nested association mapping population. 
By generating lists of genes that are hypothesized to be involved in the interaction 
between plant and pathogen, both genome-wide association mapping and nested 
association mapping have provided hints about the biology of disease resistance.  As part 
of the study of the architecture of disease resistance, both single disease resistance and 
multiple disease resistance have been explored. Multiple disease resistance is rare, but 
some genes apparently confer resistance to multiple pathogens. As high-resolution 
mapping becomes available, the challenge remains to translate this knowledge into 
breeding outcomes.  Marker-assisted selection can be used to utilize these results, but 
there is a disconnect between the wealth of mapping information and the application of 
this data.  Genomic selection is emerging as a powerful tool for maize improvement.  The 
                                                
1 Jamann, T.,  Nelson, R.,  and Balint-Kurti, P. 2013. The Genetic Basis of Disease 
Resistance in Maize. Chapter in “Genomics Applications in Plant Breeding” Eds. 
Roberto Tuberosa and Rajeev Varshney 
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challenge, however, remains to apply mapping studies and basic biology to plant 
breeding to decrease the amount of maize lost to pathogens. 
 
Introduction 
Biotic stresses constrain maize production worldwide, affecting food security and prices. 
Demand is being spurred by population growth and the use of grain for biofuels, while 
supply is challenged by climate variability, as well as rising costs of fertilizer and water. 
Crop losses caused by maize diseases worldwide, excluding viruses, have been estimated 
at 4-14% (Oerke 2006). It is thus increasingly important to reduce losses due to diseases. 
While several pathogens cause grain yield losses, others contaminate maize seeds with 
mycotoxins, a widespread hazard to human and animal health (Wild and Gong 2010). 
Because of maize’s importance, its genetics and biology has been the focus of 
considerable research effort in the public and private sectors. A number of advanced 
breeding and genomic resources have been developed for understanding the genetics of 
resistance in maize, including populations derived from biparental crosses (e.g. Coe et 
al., 2002; Szalma et al., 2007; Belcher et al., 2012), several association mapping panels 
(Flint-Garcia et al., 2005; Yan et al., 2011), a nested association mapping population 
(McMullen et al., 2009; Yu et al., 2008), and large genomic and sequence datasets 
(Ganal et al., 2011; Gore et al., 2009). These resources have been utilized, at least to 
some extent, to better understand the genetic architecture of resistance for multiple 
diseases (e.g. Kump et al., 2011; Poland et al., 2011; Wisser et al., 2006; Wisser et al., 
2011). 
With its advanced genetic and genomic resources, maize can be used both as a 
  3 
model system for understanding plant-pathogen interactions, and as a practical system in 
which these basic biological findings can be applied in breeding programs to address 
farmers’ production constraints. The challenge is to produce more resistant varieties in 
the context of various scientific and resource constraints and within the organization of 
the global maize breeding infrastructure. The purpose of this chapter is to summarize the 
current understanding of the genetic basis of disease resistance in maize and to note some 
of the challenges and frontiers in its application.  
 
Understanding the intruders: diseases of maize 
Historically, maize has suffered major losses due to disease, with perhaps the best-known 
epiphytotic being the southern leaf blight (SLB) epidemic caused by Cochliobolus 
heterostrophus in 1970-71 in the United States. At the time of the epidemic, the T-urf13 
gene conferring cytoplasmic male sterility was widely used in maize hybrid seed 
production. About 85% of the US maize crop carried this gene in 1970 (Ullstrup 1972). 
As it turned out, T-urf13 also conferred specific hyper-susceptibility to a toxin produced 
by C. heterostrophus race T (Wise et al., 1999). The ensuing SLB epidemic of 1970 was 
one of the most economically damaging plant disease epidemics of all time: yield loss 
over the USA for that season was estimated at 20-30%, with some areas suffering 50-
100% losses (Ullstrup 1972). The amount of maize lost to the disease was much larger 
than, for instance, the amount of potato lost during the Irish late blight epidemic of the 
1840s. Since susceptibility was under very simple genetic control, simply switching to 
germplasm lacking T-urf13 was sufficient to rapidly control the disease in the following 
seasons. It should be noted that the cause of the epidemic was not an overall lack of 
  4 
genetic diversity, but rather the ubiquity of a single disease susceptibility gene within 
elite germplasm. 
 Today, global maize diseases that pose threats to yield and human health include 
fungal diseases that attack the leaves, stem and ear (Balint-Kurti and Johal 2009).  
Globally important foliar diseases include southern leaf blight (SLB) caused by C. 
heterostrophus, southern rust caused by Puccinia polysora, common rust caused by 
Puccinia sorghi, northern leaf blight (NLB) caused by Setosphaeria turcica, and gray leaf 
spot (GLS) caused by Cercospora zeae-maydis and Cercospora zeina. Diplodia and 
Fusarium stalk and ear rots and Fusarium and Aspergillus kernel and ear rots are also 
important in many regions. Diseases of regional importance include tar spot complex 
(caused by Phyllachora maydis and Monographella maydis) in Latin America, and maize 
streak virus (MSV) in Africa (Shiferaw et al., 2011). In addition to established diseases, 
emerging diseases, such as banded leaf and sheath blight (BLSB) in Asia (Pingali 2001) 
caused by Rhizoctonia solani, also pose potential future constraints to maize production. 
Maize diseases have been reviewed elsewhere more extensively (Balint-Kurti and Johal 
2009; Pratt and Gordon 2006; White 1999). 
The emergence of some diseases is related to changes in farming practices and 
production. For example, the increase in BLSB is correlated with an increase in maize 
production near rice paddies (Pingali 2001). R. solani, causal agent of BLSB, has a broad 
host range and isolates virulent on rice can also infect maize (Pascual et al., 2000). 
Reduced tillage, which allows inoculum to overwinter in stalk debris on the soil surface 
and to re-infect maize the following season, has increased the distribution and severity of 
diseases such as GLS (Latterell and Rossi 1983; Ward et al., 1999). 
  5 
In some cases, agronomic techniques or biocides are used to manage diseases. 
Diversity at the population level can be used to suppress disease progress (e.g. Mundt 
2002), so synthetic populations or other open-pollinated varieties may present 
opportunities for deployment of population-level genetic diversity for disease 
management. Varietal resistance is, however, the dominant and most convenient 
approach to disease management in crops in general, as well as in maize. Advances in 
precision agriculture are beginning to provide the opportunity to plant different varieties 
of maize in the same high-production fields. For purposes of this chapter, we consider 
genetic resistance in the context of analyzing or breeding individual genotypes. The 
overall genetic diversity available within maize is high compared to most crop species 
(Goodman 1983; Tenaillon et al., 2001; Sachs et al., 2009), and the primary gene pool is 
a rich source of disease resistance alleles for crop improvement. While the genetic 
diversity amongst elite hybrids is relatively low (Smith et al., 1992; Romay et al., 2013), 
diverse exotic germplasm can be utilized to identify and introduce novel disease 
resistance genes and alleles into maize varieties (Goodman 1999).  
 
Understanding the system: Genetic architecture of disease resistance in maize and 
biological insights 
Plant disease resistance is often categorized as qualitative (complete) or quantitative 
(partial) based on the extent of disease in a “resistant” interaction (Vanderplank 1968). 
While these categories are often presented as quite distinct, there is a gray area between 
these types of resistance in practice (Poland et al., 2009; see below). A number of 
qualitative resistance genes (often referred to as major genes) have been cloned in a 
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number of different plant systems (e.g. Ellis et al., 2000; Sanseverino et al., 2010). Most 
major genes function by detecting the presence or the activity of pathogen-derived 
proteins and then inducing a rapid, localized defense response (called a hypersensitive 
response) at the point of infection, which limits pathogen growth (Bent and Mackey 
2007). This type of defense is often referred to as effector-triggered immunity or ETI 
(Jones and Dangl 2006), and major genes of this type have been referred to as R-genes. 
R-genes generally provide high levels of resistance and are easy to manipulate in 
breeding programs. However, they generally provide only race-specific resistance and are 
often easily overcome by the pathogen, such that they are generally not durable in an 
agricultural context (McDonald and Linde 2002). 
At least 17 qualitative resistance genes have been identified and mapped for 
several diverse maize diseases, including maize streak virus, NLB, and southern and 
common rust (Wisser et al., 2006). Four of these genes (Rp1, Rp3, Rxo1, and Hm1) have 
been cloned.  Rp1, Rp3, and Rxo1 all carry the domain typical of R-genes, the nucleotide 
binding site-leucine rich repeat (NBS-LRR) (Collins et al., 1999; Webb et al., 2002; 
Zhao et al., 2005). Rp1 and Rp3 confer resistance to specific races of common rust while 
Rxo1 confers resistance to bacterial stripe of maize. Hm1, which confers resistance to 
Cochliobolus carbonum race 1, encodes an NADPH-dependent HC-toxin reductase that 
detoxifies HC-toxin produced by the fungus (Johal and Briggs 1992). Interestingly, the 
Hm1 gene is extremely widespread in maize and consequently only a few lines that lack 
the Hm1 gene are susceptible to C. carbonum race 1. Furthermore, genes with high 
homology to Hm1 are present in all grass genomes tested. Specific silencing of the Hm1 
homolog in barley rendered the plant susceptible to C. carbonum race 1. Hm1 appears to 
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have evolved early in the grass lineage, possibly under selection for resistance to HC-
toxin (Sindhu et al., 2008).  
Quantitative, or partial, disease resistance is generally controlled by multiple loci, 
each with relatively small effects. In general, this form of resistance is more durable in 
the field than qualitative resistance and is therefore agronomically important (McDonald 
and Linde 2002). The underlying mechanisms associated with quantitative disease 
resistance in plants are not well understood. To date, the identity of five quantitative 
genes or gene clusters associated with disease resistance in plants have been determined 
(Broglie et al., 2006; Fu et al., 2009; Fukuoka et al., 2009; Krattinger et al., 2009; 
Manosalva et al., 2009). These genes appear to be unrelated and confer resistance by a 
variety of mechanisms, although these mechanisms are not entirely clear at this point. 
They include an NBS-LRR gene (Broglie et al., 2006), a START kinase (Fu et al., 2009), 
an ABC transporter (Krattinger et al., 2009), a proline-rich protein of unknown function 
(Fukuoka et al., 2009) and a family of germin-like proteins (Manosalva et al., 2009). This 
diversity of gene classes is consistent with the emerging consensus that variation in 
quantitative disease resistance in plants is likely based on variation in genes involved in a 
number of different mechanisms and pathways (Kliebenstein and Rowe 2009; Poland et 
al., 2009). 
Generally, disease resistance quantitative trait loci (dQTL) are thought to be race 
non-specific (Vanderplank 1968), but there are multiple examples of race-specific QTL 
(e.g. Kolmer and Leonard 1986; Leonards-Schippers et al., 1994; Marcel et al., 2008; Qi 
et al., 1999; Talukder et al., 2004). Therefore, to ensure the effective deployment of 
dQTL it is important to assess the effectiveness of the resistance with respect to the 
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pathogen populations against which the resistance is intended to perform. Preliminary 
assessments can be made by testing source germplasm and/or derived lines with pathogen 
isolates considered to represent the target population. Candidate germplasm should be 
tested over a number of different environments to ensure as much as possible that the 
resistance is broadly effective. 
Numerous dQTL studies in maize have been carried out. Genotypic variation has 
been associated with variation in resistance to all classes of disease, including viral, 
bacterial, and fungal leaf blights, ear rots and stalk rots (e.g. Ali et al., 2005; Brown et 
al., 2001; McMullen et al., 1994; Ming et al., 1997; Paul et al., 2003; Pernet et al., 1999; 
Robertson-Hoyt et al., 2006; Xia et al., 1999). A synthesis of 50 studies reporting the 
locations of 437 QTL associated with resistance to 19 maize diseases identified QTL on 
both arms of all 10 maize chromosomes (Wisser et al., 2006). The composite QTL map 
showed 89% of the maize genome to be associated with disease resistance, reflecting the 
low resolution of the mapping procedures employed, as well as indicating that there are 
large numbers of dQTL in the maize genome. 
In recent years, a number of resources and datasets have been generated to gain a 
more precise idea of the genetic architecture underlying quantitative disease resistance in 
maize, as shown in Table 1. Maize is generally well-suited for association mapping (Yan 
et al., 2011) due to the high genetic diversity among lines (Liu et al., 2003). The 
generally low levels of linkage disequilibrium found in maize (Remington et al., 2001; 
Chia et al., 2012) mean that, given an appropriate population and accurate genotypic and 
phenotypic data, association mapping has the potential to resolve QTL to their causal 
genes and potentially nucleotides. A number of maize association mapping populations 
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have been developed in the public sector, including the 300-line Goodman panel (Flint-
Garcia et al., 2005) mentioned below that has been evaluated for NLB, SLB, and GLS 
(Wisser et al., 2011). Association mapping in maize was formerly limited to the analysis 
of candidate genes (i.e. genes already suspected of being important in controlling 
variation for the trait of interest) (Harjes et al., 2008; Krill et al., 2010; Wilson et al., 
2004). The increasing quantity of genotypic information now permits genome-wide 
association studies (GWAS), in which the entire genome is scanned for marker-trait 
associations in a relatively unbiased way (Belo et al., 2008; Cook et al., 2012).  
There are however issues with association mapping in maize, including fast LD 
decay, a large number of alleles, and many rare alleles, as shown in Table 1. Another 
difficulty with GWAS is that the multiple test corrections associated with the very large 
number of tests conducted lead to very high significance thresholds, such that even for 
traits with high heritabilities, few significant associations may be identified. In a GWAS 
of kernel starch, protein, and oil traits, with broad-sense heritabilities ranging from 83% 
to 91%, no significant associations were identified after multiple test corrections (Cook et 
al., 2012). Significant or otherwise, intriguing GWAS associations need to be validated 
independently, for instance using mutants, transgenics and/or fine-mapping studies.  
 Another breeding tool utilized to understand the genetic architecture of disease 
resistance in maize is the nested association mapping (NAM) population (McMullen et 
al., 2009; Yu et al., 2008). The NAM population consists of 25 linked recombinant 
inbred populations of 200 lines each. Each of these populations is derived from a cross 
between B73 and one of a set of 25 diverse lines. Analyzed as a single population, the 
NAM population has unprecedented mapping power due to its large size (5,000 lines) and 
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the effective combination of linkage and linkage-disequilibrium approaches (Yu et al., 
2008). This, in theory, allows resolution to the single gene level (Cook et al., 2012; 
Poland et al., 2011; Tian et al., 2011). The NAM population has been evaluated for SLB, 
NLB and GLS (Benson et al., 2011; Kump et al., 2011; Poland et al., 2011). The genetic 
architectures controlling variation in resistance to SLB and NLB were found to be 
broadly similar: 32 and 29 dQTL were identified for the two diseases respectively. These 
dQTL were of relatively small effect and no epistatic interactions were identified. In 
these respects, the genetic architectures controlling variation in SLB and NLB resistance 
were similar to those controlling other quantitative traits, including flowering time and 
various leaf and kernel composition traits, that have been analyzed in this population 
(Buckler et al., 2009; Cook et al., 2012; Tian et al., 2011). The genetic architecture of 
gray leaf spot differed, with fewer (16) QTL identified and epistasis was detected 
(Benson 2013).  
The results of NAM GWAS provide a preliminary look at the genes that may 
underlie the trait of quantitative disease resistance. GWAS revealed more than 1,000 
associations with specific SNPs for SLB and NLB resistance traits in the NAM 
population (Chia et al., 2012, Kump et al., 2011, Poland et al., 2011). It is likely that in 
many cases the SNPs identified are at or very near to the actual causal genes (Cook et al., 
2012; Tian et al., 2011). For both NLB and SLB, many of the associated SNPs were 
within or adjacent to genes which have been previously implicated in disease resistance 
or the defense response. For NLB, genes implicated by GWAS included many defense 
candidates including those encoding serine-threonine protein kinases, receptor-like 
kinases, antifreeze proteins, a germin protein, and an ABC transporter, among others. 
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Results were similar for SLB, with candidate genes including those encoding serine-
threonine kinases, an ABC transporter, a GST, and an LRR receptor kinase, among 
others. The identification of receptor-like kinases as candidate genes for quantitative 
resistance loci for both diseases is consistent with the hypothesis that modest levels of 
resistance are associated with host recognition of conserved pathogen features. 
Recognition of “pathogen-associated molecular patterns” (PAMPs) has been linked to 
disease resistance in several cases and is associated with partial restriction of pathogen 
infection (Bent and Mackey 2007). As noted above, genes implicated by GWAS need to 
be confirmed with complementary evidence.  
There are several lines of evidence suggesting that some loci may condition 
resistance to more than one disease (reviewed by Poland et al., 2009; Kou and Wang 
2010; Krattinger et al., 2009). Loci conditioning multiple disease resistance (MDR) 
would make breeding for disease resistance more efficient. In synthesizing the results of 
50 mapping studies, Wisser et al., (2006) found that dQTL were non-randomly 
distributed in the maize genome. At several loci, dQTL for different diseases were 
clustered, suggesting the presence of genes conferring multiple disease resistance. Other 
QTL mapping studies and analyses of introgression lines have provided additional 
evidence for the existence of MDR genes and loci in maize with respect to a variety of 
disease combinations (Balint-Kurti et al., 2010; Belcher et al., 2012; Chung et al., 2011; 
Kerns et al., 1999; Welz et al., 1999; Zwonitzer et al., 2010). 
Questions remain as to whether the observed MDR is due to linkage or pleiotropy 
and whether MDR is the rule or the exception. To address these questions, we examined 
MDR to three foliar diseases of maize: GLS, SLB and NLB. These three diseases are 
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caused by fungi in the class Dothideomycetes and share somewhat similar modes of 
pathogenesis (Beckman and Payne 1982; Jennings 1957). It may be that genes conferring 
MDR target aspects of the pathogenesis process that are shared amongst these pathogens 
or pathogens are targeting ‘hub’ plant proteins (Mukhtar et al. 2011). Analyzing the 
disease ratings for an association panel of 300 diverse lines, Wisser et al. (2011) observed 
significant genotypic correlations between resistances to the three foliar diseases of 
maize, supporting the MDR hypothesis. Using an initial dataset of 858 SNPs, these 
authors reported the association of a glutathione-S-transferase gene with resistance to the 
three diseases. 
Poland (2010) analyzed the correlations of disease ratings for these same diseases 
among the NAM founders (the 26 parents of the population), across the 5,000 lines of the 
population, and within the 25 individual families comprising the population. Correlations 
between the diseases were the highest within the diverse inbred founders, followed by the 
correlations among the 5,000 recombinant inbred lines (RILs), and correlations within 
RIL populations were the weakest. The modest disease correlations within RIL 
populations were not strongly supportive of the MDR hypothesis, suggesting instead that 
a large proportion of the strong correlations among parental lines could be due to the fact 
that some of the parental lines (those bred for disease-conducive environments) carry sets 
of resistance loci for multiple diseases.  
A comparison of the QTL identified for SLB, NLB and GLS resistance in the 
NAM population allows a fairly explicit examination of the MDR hypothesis. A 
comparison of QTL and SNPs provides evidence for some loci with pleiotropic effects. In 
the NAM population, 23 genetic positions were identified for which quantitative 
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resistance loci for two or more diseases co-localized. At these loci, the estimated allele 
effects from each founder inbred were compared. At seven of these loci, allele effects 
were positively correlated, as would be expected for MDR genes or loci (Poland 2010). 
When GWAS results for NLB and SLB were compared, three genes (a predicted leucine 
zipper transcription factor and two unknown proteins) were identified as carrying SNP 
loci with significant associations with resistance to both diseases (Kump et al., 2011; 
Poland et al., 2011).  
While there is evidence that some individual loci confer resistance to more than 
one disease, this phenomenon does not apparently explain the wider trends of pleiotropic 
QTL and correlated resistances. From our work to date, it seems clear that, at least with 
respect to SLB, GLS and NLB, most of the genetic disease resistance and in particular 
most of the dQTL of larger effect that we observe are disease-specific (Zwonitzer et al., 
2010). While a number of lines of evidence suggest the presence of MDR genes 
conferring resistance to SLB, GLS and NLB, it seems likely that many of these MDR loci 
individually have relatively small effects and may be below the detection threshold as 
individual loci (Balint-Kurti et al., 2010). 
Both in terms of understanding the nature of resistance and in choosing loci with 
complementary functions, it would be desirable to know the ways in which different QTL 
influence the process of pathogenesis. Analysis of specific dQTL using near-isogenic 
lines (NILs) differing only for a specific locus permits a better understanding of their 
quantitative and qualitative phenotypes than can be achieved in segregating families. 
NILs can be used to validate QTL, test association mapping hits, and characterize QTL. 
Characterization of two NLB QTL on chromosome 1 revealed that they influenced the 
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pathogenesis process in distinct ways. The QTL in bin 6 reduced the pathogen’s success 
during the initial stages of infection, while the QTL in bin 2 reduced the extent of the 
pathogen’s invasion of the leaf vasculature (Chung et al., 2010). 
Another important question about the agronomic use of disease resistance 
concerns the trade-offs that may exist with other traits. There are several examples from 
other plant systems in which the presence of genes associated with both qualitative and 
quantitative disease resistance incur a yield cost (Heidel et al., 2004; Orgil et al., 2007; 
Tian et al., 2003; Todesco et al., 2010). The only study addressing this question in maize 
thus far has been on the yield costs associated with the large-effect dQTL Rcg1 for 
anthracnose stalk rot resistance (Frey et al., 2011). In this case NILs were used to show 
that there are no fitness costs associated with Rcg1 in non-diseased conditions and there 
is a yield benefit associated with Rcg1 under inoculated conditions (Frey et al., 2011).  
 
Translating knowledge to action: breeding for disease resistance 
As new resources and technologies permit the identification of dQTL with unprecedented 
precision, a key challenge will be translating the knowledge gained from mapping studies 
into breeding outcomes. This can be achieved through marker-assisted selection (MAS), 
including genomic selection (GS), and/or cisgenesis (direct transfer within species). 
Marker-assisted backcrossing and “forward crossing” are well-suited for the 
manipulation of genes with large effects (Holland 2004), while genomic selection is 
proving particularly useful for improving on traits with low heritability and/or under 
polygenic control (Heffner et al., 2009).  
In the past, the low resolution of mapping results meant that recombination could 
  15 
readily separate the marker being used for selection from the desired allele. The use of 
“perfect” markers (those targeting the polymorphism that causes the phenotype of 
interest) obviously avoids this problem (Lande and Thompson 1990). As we know more 
about the genetic architecture of disease resistance in maize, we come closer to having 
“perfect” markers. Historically, there has been a trade-off between conventional breeding 
approaches and MAS in terms of cost and time, with MAS being faster but more costly, 
and conventional breeding schemes being slower but cheaper (Morris et al., 2003). This 
led breeding efforts with constrained budgets, including many public breeding programs, 
to focus on conventional breeding schemes (Morris et al., 2003). However, this is 
changing as marker technologies improve and genotyping costs decline. In one recent 
study, MAS in maize was shown to be more cost-effective than phenotypic selection 
when selecting for resistance to multiple foliar pathogens (Asea et al., 2011) and for 
maize streak virus (Abalo et al., 2009). The advantages of MAS will become more 
compelling as genotyping costs continue to decline and as more useful trait-marker 
associations become available for selection. Challenges associated with the effective 
deployment of MAS have been discussed in several recent reviews (Holland 2004; 
Hospital 2009; Johnson 2004). 
When a trait is controlled by multiple QTL, or when multiple traits are being 
considered in a breeding program, a form of MAS known as genomic selection (GS) can 
be employed (Goddard and Hayes 2007; Meuwissen et al., 2001). In GS, specific loci 
associated with a trait are not identified and selected for, but instead the effect of every 
marker is fitted as an effect in a model and used to make selections. The availability of 
low-cost, high-throughput genotyping methods has made GS a feasible and attractive 
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form of MAS. Using simulations, GS was predicted to result in up to a 43% greater 
genetic gain over marker-assisted recurrent selection, depending on levels of heritability 
and number of QTL (Bernando and Yu 2007). For polygenic traits with low heritability 
in maize, both GS and MARS outperformed phenotypic selection in terms of genetic 
gains (Bernardo and Yu 2007). GS has the potential to improve disease resistance traits in 
plants. Its use has been proposed for achieving durable stem rust in wheat (Rutkoski et 
al., 2011), and it has the potential to increase genetic gain for traits with low heritability 
(Heffner et al., 2009). Thus, GS could improve gains for resistance to maize diseases, 
including those such as Aspergillus ear rot and aflatoxin accumulation, for which it is 
notoriously difficult to achieve genetic gains and for which dQTL have small effects and 
are highly influenced by the environment (Brooks et al., 2005; Paul et al., 2003; 
Warburton et al., 2009). 
GS is gaining favor in maize breeding as high-throughput genotyping and 
extensive phenotypic datasets are generated. Since GS does not require the identification 
and careful characterization of loci and genes associated with variation in traits of 
interests, it may seem that QTL identification and characterization (previously seen as the 
basis of MAS) is now unnecessary. However, GS is only beginning to be proven, and 
basic science, plant pathology, and QTL mapping inform breeding programs (including 
GS programs) in several ways. These include understanding the mechanisms of 
resistance, improving phenotyping methods, and identifying sources of diverse alleles. 
An understanding of the mechanisms of resistance associated with specific dQTL can be 
used to predict complementary combinations of loci and alleles. For instance, knowing 
that one dQTL is associated with variation in susceptibility to penetration, while another 
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is associated with resistance to vascular invasion (Chung et al., 2010), can allow a 
breeder to target both stages of pathogenesis by selecting for both QTL. Analysis of 
phenotyping methods, and development of new phenotypic assays, can also enhance 
breeding efficiency. For example, a method developed by Mideros et al., (2009) to 
estimate A. flavus biomass by qPCR enables the separation of components of resistance 
such as fungal infection in multiple tissues and aflatoxin accumulation (Mideros 2012). 
By breeding for components of a trait, gains can be made. 
By identifying and characterizing new, diverse alleles at mapped loci and 
characterizing the effects they can have on disease, public sector research into the genetic 
architecture of disease resistance can prove useful for breeders. The NAM analysis 
allowed outstanding alleles to be identified across a relatively broad set of maize 
germplasm that may not be present in private breeding programs. These insights might 
contribute to the strategic selection of parents in a breeding program, as the incorporation 
of known sources of resistance is essential to the success of GS for disease resistance 
(Rutkoski et al., 2011). It is important to keep in mind that major genes can mask the 
effects of minor genes in GS scenarios, such that quantitative resistance is not selected 
upon (Rutkoski et al., 2011). When this occurs, breeders could select for resistance-
associated loci based on prior knowledge. Basic research has and will continue to define 
major and minor gene loci and these data can be incorporated into GS algorithms. Public 
mapping efforts to identify causative genes and polymorphisms can provide a basis for 
markers to include in genomic selection models. In addition, while GS populations may 
not be evaluated specifically for some diseases and traits, it is desirable to include 
resistance for these diseases.  
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 Disease resistance has long been and remains an attractive target trait for 
genetically modified crops (Godfray et al., 2010). Despite significant resources devoted 
to this area, few commercially viable plants with transgenically-conferred disease 
resistance traits are available; the exception are a few virus resistance traits (e.g. 
Gonsalves 1998). This is due to a combination of factors. Biological considerations 
include small allele effects, narrow spectra and potentially short durability of certain 
transgenically-conferred disease resistance traits as well as their yield costs (see above; 
Hammond-Kosack and Parker 2003). Non-biological considerations include the cost of 
developing transgenic lines, the availability of specific intellectual property, and public 
opposition to the deployment of the technology. New insights concerning plant 
quantitative resistance, effectoromics, plant basal defense mechanisms (Lacombe et al., 
2010) and mechanisms and applications of RNA interference (Nowara et al., 2010; Wulff 
et al., 2011; Yin et al., 2011), however, are likely to lead to some practical applications in 
the foreseeable future. As more disease resistance alleles are cloned, it may be 
increasingly feasible to use these alleles via direct gene transfer among maize lines. 
Transfer of genes within different members of the Poaceae can also be effective: the 
maize NBS-LRR gene Rxo1 protects rice against Xanthomonas oryzae pv. oryzae (Zhao 
et al., 2005). 
Another potential impact of transgenics in maize is the reduction of mycotoxins 
due to pest resistance provided by transgenic expression of toxins from Bacillus 
thuringiensis (Bt). Bt maize is thought to decrease mycotoxin accumulation because 
insect damage provides an entry point for the fungus and limiting insect damage in turn 
decreases mycotoxin accumulation (Dowd 2001). Lower levels of fumonisin have been 
  19 
associated with the use of Bt maize (Hammond et al., 2004). In 2004, the reduction of 
fumonisin and deoxynivalenol damage through the use of Bt maize was estimated to have 
an annual economic impact of $17 million dollars (Wu et al., 2004). Bt maize has been 
shown to reduce aflatoxin accumulation when insect pressure is high (Williams et al., 
2002; Williams et al., 2005; Windham et al., 1999; Wu 2006).  
 
Conclusions 
To meet increasing demand for maize, yield constraints must be overcome. Biotic 
stresses pose an important constraint in many parts of the world, including Asia, Sub-
Saharan Africa and Latin America (Pingali 2001). A number of new genomics-based 
resources have been developed for public maize research in the past few years, and have 
been employed to better elucidate disease resistance in maize. As a result, the genetic 
architecture and biology of resistance is better understood, but the challenge remains to 
translate this knowledge into improved disease resistance in maize varieties. 
Understanding the biology of disease resistance can inform the search for genes 
effective in conditioning resistance, and thus contribute to harnessing genetic diversity 
for crop improvement. Loci conferring resistance to multiple pathogens are of particular 
interest and have been identified, but are relatively rare in maize. It will be of 
fundamental and practical interest to understand the mechanisms underlying such 
resistance and whether there are associated pleiotropic effects affecting other important 
agronomic traits, such as yield. An understanding of the multiple functions of defense-
related genes can thus inform breeding decisions. Understanding the genetic architecture 
and biochemical pathways that underlie disease resistance will provide a route by which 
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to do so. 
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Table 1. Resources. Resources and tools used to identify QTL and genes, including 
some of the advantages and disadvantages associated with different methods. 
Resource Advantage Disadvantage 
Bi-parental linkage 
mapping 
-Map QTL with diverse lines 
-Detect rare population-level 
alleles/QTL 
-Poor mapping resolution 
Nested association 
mapping 
 
-Greater statistical power 
-Ability to detect small-effect QTL 
-Narrow QTL intervals possible 
 
-All relative to a reference 
line 
-Large investment to make 
population 
-May not detect rare alleles 
-Genomic differences in 
reference line may limit 
recombination 
Association mapping -Many alleles examined 
-Smaller investment to make 
population 
-Nucleotide level resolution 
possible 
-Many alleles in maize, 
including a large number of 
rare alleles 
-Population structure 
-False positives 
Fine-mapping -Higher resolution 
-Map QTL with diverse lines, and 
rare population-level alleles/QTL 
-Low recombination or 
small allele effects can limit 
the resolution 
 
Near-isogenic lines -Background effects are controlled  
-Allele effects can be examined in 
different backgrounds 
-Limited power to detect 
QTL with small effects 
-Many genes within QTL 
intervals 
Mutant analysis -Can examine effect of single 
genes on phenotype 
-Natural allelic variation 
may not extend to null 
alleles 
Expression analysis -Individual genes involved in the 
response to a stimulus are 
discovered 
-Can detect novel genes/alleles in 
populations of interest 
-Large amounts of 
data/candidates 
-Trait-controlling genes 
with structural differences 
are not reflected and may be 
passed over in expression 
data 
Meta-analysis -Increased resolution over 
individual bi-parental populations 
-Curating data may be 
difficult and time-
consuming 
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CHAPTER 2 
 
UNRAVELING GENOMIC COMPLEXITY AT A QUANTITATIVE DISEASE 
RESISTANCE LOCUS IN MAIZE IMPLICATES STRUCTURAL 
VARIATION AND THE RECEPTOR-LIKE KINASE PAN12 
Abstract 
Multiple disease resistance (MDR) has important implications for plant fitness, given 
the selection pressure that many pathogens exert directly on natural plant populations 
and indirectly via variety improvement programs on crop plants. Evidence of a locus 
conditioning resistance to multiple pathogens was found in bin 1.06 of the maize 
genome with the allele from inbred line ‘Tx303’ conditioning quantitative resistance 
to northern leaf blight (NLB) and qualitative resistance to Stewart’s wilt. To dissect 
the genetic basis of MDR in this region and to refine candidate gene hypotheses, we 
mapped resistance to the two diseases. Both resistance phenotypes were localized to 
overlapping regions, with the Stewart’s wilt interval refined to a 95.9-kb segment 
containing three genes, and the NLB interval to a 3.60-Mb segment containing 117 
genes. Regions of the introgression showed little to no recombination, suggesting 
structural differences between the inbred lines ‘Tx303’ and ‘B73’, the parents of the 
fine-mapping population.  We examined copy number variation across the region 
using next-generation sequencing data and found large variation in read depth in 
‘Tx303’ across the region relative to the reference genome of inbred line ‘B73’. In the 
                                                
2 Jamann T, Poland J, Kolkman J, Smith L, and Nelson R (2014) Unraveling genomic 
complexity at a quantitative resistance locus implicates structural variation and pan1 
receptor-like kinase in resistance to multiple diseases in maize. GENETICS. 
Submitted. 
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fine-mapping region, association mapping for NLB implicated a few candidate genes, 
including a putative zinc finger and pan1. We tested mutant alleles and found that 
pan1 is a susceptibility gene for NLB and Stewart’s wilt. Our data strongly suggest 
that structural variation plays an important role in resistance conditioned by this 
region, and pan1, a gene conditioning susceptibility for NLB, may underlie the QTL. 
 
Introduction 
The genes and loci that influence host-pathogen interactions vary in allele effects, 
specificities, and linkage relationships. While disease resistance can be conditioned by 
single genes with large effect (Bent 1996, Jones and Dangl 2006), the emerging model 
of resistance for many plant diseases is complex in nature, with many genes and loci 
functioning in concert and each contributing a small proportion of the total phenotypic 
variation (Kump et al., 2011, Poland et al., 2011, Cook et al., 2012). Each locus has a 
unique profile, with some loci contributing broad-spectrum protection against diverse 
pathogen species and strains. Investigating these intricacies offers the opportunity to 
understand the diverse ways in which plants defend themselves against microbial 
assault.  
Correlated responses to multiple diseases have been observed in various 
germplasm panels, implying that there are loci and genes that condition broad-
spectrum resistance (Rossi et al., 2006, Gurung et al., 2009, Wisser et al., 2011). At 
the chromosomal segment level, disease and insect resistance loci co-localize in a non-
random fashion (McMullen and Simcox 1995, Williams 2003, Wisser et al., 2005) and 
loci have been identified that confer resistance to diverse pathogen isolates and taxa 
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(Zwonitzer et al., 2010, Chung et al., 2011, Belcher et al., 2012). There is evidence to 
suggest that gene clusters can confer resistance to more than one disease.  A cluster of 
germin-like proteins confers resistance to rice blast and sheath blight of rice 
(Manosalva et al., 2009). Similarly, resistance gene homologs, which are known to co-
localize with broad-spectrum disease resistance loci, can cluster in the genome and 
contribute a diversity of specificities (Lopez et al., 2003, Ramalingam et al., 2003). 
Pleiotropy remains uncommon in maize, and correlated responses may be due to 
linkage or population structure (Wallace et al., 2014), although in some cases, 
individual genes have been shown to condition MDR.  For example, the putative ABC 
transporter Lr34 of wheat provides protection against leaf rust, stripe rust, and 
powdery mildew (Krattinger et al., 2009).  Pattern recognition receptors are able to 
detect molecular patterns from diverse organisms to confer disease resistance (Zipfel 
and Rathjen 2008). 
While in some cases single genes or alleles common across diverse germplasm 
confer disease resistance, increasingly, the role of structural variation in plants is being 
explored and its effects on phenotypic variation recognized (Springer et al., 2009, 
Chia et al., 2012, McHale et al., 2012). As quantitative trait loci (QTL) are subjected 
to fine-mapping, some loci fractionate into many QTL, each conditioned by one or 
more genes (Steinmetz et al., 2002, Studer and Doebley 2011, Johnson, Haggard et 
al., 2012). In some cases, the allele effect conditioned by each QTL is small enough 
that the individual locus cannot be identified in isolation (Buckler et al., 2009, Poland 
et al., 2011). In other cases, single resistance loci, such as Rhg1, are conditioned by 
multiple genes present in varying copy numbers in different lines (Cook et al., 2012, 
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Maron et al., 2013). Whole-genome studies have in fact suggested that structural 
variation is generally associated with disease resistance: structural variation in plants 
co-localizes with resistance nucleotide-binding proteins, receptor-like proteins, and 
disease resistance QTL (Lai et al., 2010, McHale et al., 2012, Xu et al., 2012).  
The conventional approach of genetic isolation and transgenic 
complementation remains the gold standard for demonstrating the function of a gene. 
This approach, however, is proving inadequate for dealing with the complexity 
underlying some loci, particularly for structural variation. Strong evidence for the 
importance of copy number variation in explaining trait variation (Cook et al., 2012, 
Maron et al., 2013) and the emerging model of plant defense with many loci each 
contributing a small effect combine to challenge this paradigm (Kump et al., 2011, 
Poland et al., 2011, Cook et al., 2012). There is a need for a new approach that can 
take advantage of whole genome analyses, address presence/absence variation, and 
examine loci with small effects.  This study represents such an approach and provides 
insights into a genetically complex locus affecting diverse traits. 
In maize, chromosomal bin 1.06 has been identified as a key locus for 
stabilizing yield under adverse conditions, including both biotic and abiotic stress 
(Landi et al., 2002, Tuberosa et al., 2002, Landi et al., 2010). In addition to plant 
architectural traits and yield under abiotic stress, resistance to many diseases has been 
localized to bin 1.06, including northern leaf blight (NLB), Stewart’s wilt, southern 
leaf blight (SLB), common rust, grey leaf spot (GLS), and ear and stalk rot caused by 
multiple fungi (Wisser et al., 2006, Chung et al., 2010, Zwonitzer et al., 2010). In a 
QTL study of the recombinant inbred line (RIL) population Ki14 x B73 evaluated for 
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three foliar fungal diseases, NLB, GLS, and SLB, a 33 Mb region spanning bins 1.05 
and 1.06 was the only locus identified that conferred resistance to all three diseases 
(Zwonitzer et al., 2010). A number of QTL studies for NLB resistance in maize have 
identified QTL at bin 1.06, ranging in physical size from 3 to 30 Mb (Freymark et al., 
1993, Welz et al., 1999, Wisser et al., 2006, Chung et al., 2010, Van Esbroeck et al., 
2010, Chung et al., 2011, Poland et al., 2011). Additionally, bin 1.06 harbors the 
dominant Stewart’s wilt resistance gene Sw1 (Ming et al., 1999).  
Both NLB, caused by the fungus Setosphaeria turcica, and Stewart’s wilt, 
caused by the bacterium Pantoea stewartii, are foliar, hemibiotrophic diseases 
important to maize production. Both pathogens spread through the vascular tissue, 
causing wilted lesions by plugging xylem vessels (Jennings and Ullstrup 1957, Roper 
2011). The importance of genes localized to maize bin 1.06 in resistance to both NLB 
and Stewart’s wilt has been described in multiple mapping populations. Using a 
population of Tx303 x B73 introgression lines (Szalma et al., 2007), Chung et al., 
(2010) showed that the NLB resistance QTL at 1.06 protects against fungal 
penetration.  
 To explore the genomic complexity of this important region, we constructed 
high resolution mapping populations at this locus and evaluated NLB and Stewart’s 
wilt resistance using a set of Tx303 x B73 near-isogenic lines (Szalma et al., 2007, 
Chung et al., 2010). Fine-mapping allowed us to dissect the linkage relationship 
between the major-effect Stewart’s wilt QTL and the minor-effect NLB QTL and to 
identify candidate genes. Using association mapping, we further refined the list of 
candidate genes for NLB resistance and using mutants confirmed a role for the 
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receptor-like kinase, pan1, in plant defense.  Furthermore, multiple lines of evidence 
indicated a lack of genomic stability at the region, including reduced recombination 
across portions of the fine-mapping region in the NIL population and indicators of 
copy number variation.  
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Materials and methods 
Plant materials  
Fine-mapping 
NILs used for fine-mapping were derived from the TBBC3 (Tx303 x B73 Backcross 
3) population, a set of chromosomal segment substitution lines with Tx303 
introgressions in a B73 background (Szalma et al., 2007, Chung et al., 2010). Chung 
et al. (2010) identified families TBBC3-38 and TBBC3-39, both with introgressions in 
1.06, as significantly more resistant than B73. Selected families developed from these 
lines were chosen for fine- mapping: TBBC3-38_19E, TBBC3-38_15G, and TBBC3-
38_17A (Chung et al., 2010). The details of population development and evaluation 
are shown in Fig. 1. Briefly, a population was developed by crossing TBBC3-38_19E 
to B73. In the F2 generation, 435 individuals were screened for recombinants. A total 
of 113 recombinant plants were identified, but seed was available from only 100 
plants. Seed from 15 heterozygous F2 individuals was advanced to the F3 generation to 
screen for additional recombinants. A population of 4,080 F3 seeds was planted and 
2,929 plants were screened with flanking markers snp_01_0042 (180,394,924 
AGP_V2) and snp_01_0005 (195,557,990 bp AGP_V2). Positions are based on B73 
genome sequence release AGP_V2 (Schnable et al., 2009). An additional 874 
individual F3 plants were identified as recombinants from the F3 population. 
Recombinant plants were self-pollinated and homozygous recombinants identified. 
Homozygous recombinants were increased and evaluated for disease resistance. 
Subsequently, a population of 1,546 F3 plants was screened from snp_01_0059 
(184,633,349 bp AGP_V2) to snp_01_0083 (189,352,206 bp AGP_V2), yielding an 
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additional 156 recombinants. Homozygous plants were identified, self-pollinated and 
screened for NLB and Stewart’s wilt (Fig.1). 
 
Disease trials 
Northern leaf blight  
NLB trials were carried out at the Cornell University Robert Musgrave Research Farm 
in Aurora, NY. In the fine-mapping populations, 194, 80, and 146 homozygous ‘fixed’ 
recombinants were screened for NLB in 2010, 2011, and 2012, respectively (Fig. 1). 
Lines carrying mutations in the genes pan1 and pan2 were tested in Aurora, NY in 
2011, 2012, and 2013, and in Ithaca, NY in 2011. Plants were inoculated with S. 
turcica isolate StNY001 (race 1) using inoculation procedures described previously 
(Chung et al., 2010). Briefly, cultures of the fungus were grown on lactose casein agar 
for three to four weeks prior to inoculation or sorghum culturing. A spore suspension 
was prepared by flooding the cultures with 5 mL sterilized distilled water and conidia 
were dislodged using a glass rod. The spore suspension was filtered through two 
layers of cheesecloth and adjusted to a concentration of 4x103 spores per mL using a 
haemocytometer. The spore suspension contained a final concentration of 0.02% 
Tween 20. Sorghum seed cultures were prepared by soaking 900 mL of sorghum 
grains in 600 mL distilled water overnight in a one-gallon clear milk jug and 
autoclaved twice for 25 minutes. One mL of unfiltered spore suspension was then 
introduced to each jug, which was then cultured at room temperature for about three 
weeks before field inoculations were conducted. Jugs were shaken daily to prevent 
caking and provide uniform infestation. For field inoculations, 0.50 mL spore 
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suspension and ~1.25 mL sorghum grains colonized by S. turcica were placed into the 
whorl of each plant at the five- to six-leaf stage.  
Diseased leaf area (DLA) was rated on a per row basis three times after 
flowering at an interval of seven to ten days using a percentage scale of 0-100 with 
increments of one, where 0 indicates a plant with no disease and 100 indicates a 
completely diseased plant. Area under the disease progress curve (AUDPC) was 
calculated as described previously (Chung et al., 2010). 
 
Stewart’s wilt  
Stewart’s wilt trials were conducted at the Musgrave Research Farm in Aurora, NY in 
2010, 2011, and 2012 for fine-mapping and 2012 and 2013 for pan1 and pan2 
mutants. Due to flooding in 2013, it was not included in the analysis. Plants were 
inoculated with Pantoea stewartii strain PsNY003, originally collected in NY in 1991, 
at the five- to six-leaf stage, with inoculum prepared and a modified pinprick method 
used for inoculations as described previously (Chung et al., 2010). DLA was rated on 
a per row basis at two to four weeks after inoculation using a percentage scale of 0 to 
100, with 0 being no disease and 100 being completely diseased.  
 
Genotyping assays 
SNP marker development 
The maize diversity project database http://www.panzea.org (Canaran et al., 2008) 
was used to locate polymorphisms between the two inbred lines using a number of 
datasets including markers from the NAM genetic map (McMullen et al., 2009), 
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HapMapV1 (Gore et al., 2009), and HapMapV2 (Chia et al., 2012). Single nucleotide 
polymorphisms (SNPs) polymorphic between B73 and Tx303 were chosen for this 
study. SNP markers used for the fine-mapping study are shown in Table 1. In addition, 
an Illumina MaizeSNP50 Beadchip assay (Illumina, San Diego, CA, USA) was 
conducted on pooled DNA from families TBBC3-38_05F and TBBC3-38_19E at the 
David H. Murdock Research Institute, (Kannapolis, NC, USA) which included 
genotypic information for 52,686 SNPs. 
 
DNA extractions 
Both Sigma ExNAmp (Sigma-Aldrich, St. Louis, MO, USA) and CTAB DNA 
extractions were used. ExNAmp DNA extractions were used to identify recombinants 
and homozygous ‘fixed’ recombinants. CTAB extractions were used for genotype 
confirmation and breakpoint analysis. To perform ExNAmp extractions, 1 mm2 of 
plant tissue was collected in a 0.2-mL PCR tube and the tubes were placed on ice. 
Extraction buffer (8 µL) was added to each tube, and tubes were incubated at 95°C for 
ten minutes. Following the incubation, 8 µL of dilution buffer was added. The 
resulting DNA was diluted 1:100 with water for KASPar genotyping. CTAB DNA 
extractions were performed using about 0.1 mg of fresh tissue as described previously 
(Doyle and Dickson 1987, Chung et al., 2010).  
 
Allele-specific PCR 
When using ExNAmp-extracted DNA, 10 µL of 1:100 diluted DNA was dried down 
in a 384-well KASPar plate (LGC Genomics, Hoddesdon, Hertfordshire, UK) and a 4-
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µL reaction performed. For reactions using CTAB extracted DNA, DNA was 
quantified and approximately 5 ng/µL of DNA was used per reaction. Reaction 
conditions were as follows: 1x KASPar reaction mix (LGC Genomics, Hoddesdon, 
Hertfordshire, UK), 0.4 mM MgCl2, 0.41 mM common reverse primer, and 0.165 µM 
of each allele-specific primer. Standard oligonucleotides were obtained from IDT 
(Coralville, IA, USA). PCR thermocycling parameters were as follows: 94°C for 15 
minutes, 20 cycles of 94°C for 10 seconds, 57°C for 5 seconds, and 72°C for 10 
seconds, followed by 26 cycles of 94°C for 10 seconds, 57°C for 20 seconds, and 
72°C for 40 seconds. Results were read using an Applied Biosystems 7900 HT (Life 
Technologies, Grand Island, NY, USA) and analyzed using SDS v2.1 (Life 
Technologies, Grand Island, NY, USA). 
 
Experimental design and statistical analysis 
A randomized incomplete block design was used for all fine-mapping field 
experiments, with three replications for NLB trials and two for Stewart’s wilt trials. 
NILs carrying B73 and Tx303 alleles across the region were included in each block as 
check lines. Two rows were planted around the edge of the experiment to reduce 
border effects. For the breakpoint analysis, best linear unbiased predictors (BLUPs) 
were calculated using the ‘lmer’ command in the lme4 package in R version 2.14 (R 
Core Development Team 2013) where line, year, replication within year, and block 
nested within replication were fitted as random factors in a mixed-effects model for 
NLB. Similarly, Stewart’s wilt BLUPs were calculated using the ‘lmer’ command 
including line and year as random effects. Fine-mapping statistical analyses were 
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completed in R version 2.14 (R Core Development Team 2013) using R/qtl (Broman 
et al., 2003). First, individuals with fewer than 11 genotyped markers and markers 
with fewer than 250 individuals genotyped were removed from the analysis. A genetic 
map was then constructed using the Kosambi mapping function (Kosambi 1943). 
Single marker regression was conducted (Paterson et al., 1990, Kump et al., 2010) 
using the ‘scanone’ function in R/qtl. Confidence intervals were calculated on the 
basis of a 95% Bayes credible interval using the function ‘bayesint’ in R/qtl (Broman 
et al., 2003).  
 
Recombination rate diversity 
Recombination rates were calculated using genotyping-by-sequencing SNPs on the 
NAM sub-populations, using phased and fully imputed at 1-cM resolution genotypes 
(AllZea_GBSv2.3) (http://panzea.org/lit/data_sets.html). Genetic maps were 
constructed using R/qtl with the “est.map” function in R (Broman et al., 2003, R Core 
Development Team 2013). 
 
Read depth variation 
HapMapV2 aligned sequencing reads for B73 and Tx303 (Chia et al., 2012) were 
downloaded from iPlant (Goff et al., 2011). SAMtools was used to count the number 
of reads at each nucleotide location (Li et al., 2009). A Perl script was written to 
divide the interval into 11 bins of equal size (327,181 bp) and to compile the number 
of reads per bin. 
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Candidate gene identification 
All B73 RefGenV2 (AGP_V2) filtered genes between the two flanking markers 
snp_01_0047 at 185,737,089 bp (AGP_V2) and snp_01_0082 at 189,336,643 bp 
(AGP_V2) of the narrowed NLB fine-mapping interval were considered as candidate 
genes. SNPs from genome-wide nested association mapping (Poland et al., 2011, Chia 
et al., 2012) with a bootstrap posterior probability (BPP) >0.01 that fell within the 
narrowed fine-mapping interval were considered further as candidates.  
 
Association analysis of the 282- line maize diversity panel 
Association mapping was conducted for the NLB fine-mapping interval. BLUPs that 
included design factors, flowering time, and population structure were used for 
association analysis (Wisser et al., 2011). A mixed linear model (MLM) was 
implemented using TASSEL v4 (Bradbury et al., 2007). The markers assayed 
included 47,445 Illumina MaizeSNP50 SNPs (Cook et al., 2012) and 425,035 
genotyping-by-sequencing SNPs (Romay et al., 2013), filtered to remove sites with 
>20% missing data (Olukolu et al., 2013). The kinship (K) matrix was constructed in 
TASSEL using a 5,000-SNP subset of the Illumina MaizeSNP50 dataset (Cook et al., 
2012) that had no missing data (Olukolu et al., 2013). Q values were calculated using 
qvalue package (Storey 2002). Associations with a false discovery rate of FDR<0.15 
were noted. 
 
Mutant analysis 
Mutants in the pan1 and pan2 genes were evaluated for NLB and Stewart’s wilt 
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reaction. Two mutant alleles of pan1 were evaluated in a B73 background: one mutant 
generated by ethyl methanesulfonate mutagenesis (pan1-EMS) and one line with a 
Mutator1 (Mu1) transposon in pan1 (Gallagher and Smith 2000, Cartwright et al., 
2009). Two ethyl methanesulfonate alleles of pan2 were evaluated in a B73 
background: pan2-0 and pan2-3 (Zhang et al., 2012). All pan1 and pan2 mutant 
alleles except pan2-O can be considered null alleles based on the nature of the 
mutations and analysis of PAN protein accumulation in mutants, whereas pan2-O is a 
missense allele that may encode a partially functional protein (Zhang et al., 2012). For 
mutant analysis a complete block design was used, with five replications per location 
for pan1 and pan2 mutants. NLB results were analyzed with a mixed linear model in 
JMP 9.0 (SAS, Cary, NC, USA), with genotype as a fixed effect and replication nested 
within environment, and environment as random effects. Stewart’s wilt results were 
analyzed with genotype as a fixed effect and replication as a random effect. 
 
RT-PCR analysis 
Tissue for RNA extraction was collected from mature leaf tissue of (BC4F3)BC1F5 
plants carrying either the B73 (qNLB1.06B73) or Tx303 allele (qNLB1.06Tx303) at the 
qNLB1.06 locus during the summer of 2011 and 2012. RNA was extracted using an 
RNeasy kit (Qiagen) and first cDNA was prepared from this RNA using a 
RETROscript First Strand cDNA Synthesis kit (Life Technologies).  PCR was carried 
out using the following primers for amplification of pan1 (5’-
TCGGGATGGAGCTGGAGGAG-3’ and 5’-TGGACAGACGCACGGACCAC-3’ ) 
and actin as a control (5’-TCAGCAGGTCTTCTCTTTCTT-3’ and 5’-
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TCCTTCATATTTCCTTCGTTC-3’) and Q5 Hot Start Taq Polymerase (New 
England Biolabs). pan1 and actin PCR products were quantified from gel images 
using NIH ImageJ vs. 1.47g.  
 
Results 
Identification of multiple disease resistance in bin 1.06 
A number of QTL studies have localized resistance to NLB to maize bin 1.06, with 
varying resolution (Table 2). These studies have consistently implicated the region 
spanning from 180 to 205 Mb. Lines carrying a Tx303 introgression at this interval 
were found to be associated with resistance to NLB and Stewart’s wilt (families 
TBBC3-38 and TBBC-39 of the TBBC3 population (Chung et al., 2010). Based on 
genetic background and seed availability, TBBC3-38_19E, TBBC3-38_15A, and 
TBBC3-38_17G were selected for fine-mapping. The Tx303 introgression in TBBC3-
38 spans from ss196428597 (172,877,033 bp) to ss196518155 (196,244,799 bp) (Fig. 
2). An interval of 15.16 Mb spanning from snp_01_0042 (180,394,890 bp AGP_V2) 
to snp_01_0005 (195,557,990 bp AGP_V2) was targeted for fine-mapping, based on 
NIL introgression locations and previous QTL mapping studies (Table 2 and Fig. 2). 
 
Fine-mapping of multiple disease resistance at 1.06 
Two markers flanking the qNLB1.06 region, snp_01_0042 and snp_01_0005, were 
used to screen 435 F2 and 4,475 F3 plants. We identified a total of 1,130 recombinants 
spanning the 15 Mb interval of interest. Plants were self-pollinated and progeny were 
assayed for homozygous recombinants. Recombinant plants were selected for 
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phenotypic evaluation based on breakpoint analysis and seed availability. Fixed 
recombinants were screened for disease phenotype in a randomized incomplete block 
design with two control NILs derived from a single F4 individual, one carrying the 
B73 allele and one carrying the Tx303 allele in the region of interest. Fixed 
recombinants were screened for NLB (n=194, 80, and 146 in 2010, 2011, and 2012, 
respectively) and Stewart’s wilt (n=60, 78, and 140 in 2010, 2011 and 2012, 
respectively) (Fig. 2). An additional 17 SNP markers were assayed on the population 
to determine the physical position of breakpoints (Table 1). Five were removed from 
the breakpoint analysis because of missing genotypes or a lack of recombination with 
neighboring markers. The order of the physical map matched the order of the genetic 
map. Based on these data, qNLB1.06 was narrowed to a 3.60-Mb region flanked by 
snp_01_0047 (185,737,089 bp AGP_V2) and snp_01_0082 (189,336,643 bp 
AGP_V2) (Fig. 2). qSw1.06 was narrowed to a 95.9-kb interval flanked by 
snp_01_0137 (187,245,104 bp AGP_V2) and snp_01_0139 (187,341,010 bp 
AGP_V2) (Fig. 2).  While confidence intervals differed for the diseases, breakpoint 
analyses for both showed similar profiles. The smaller confidence interval for 
Stewart’s wilt may reflect the stronger phenotype, however, the similar profile 
indicates there may be multiple genes underlying the QTL for both diseases.  
 
Genomic integrity 
We observed a low frequency of recombination across part of the fine-mapping 
region.  To determine whether this was an anomaly only found in the NIL fine-
mapping population, we examined the recombination rates across the RIL populations 
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that comprise the NAM population by examining genetic distances in NAM sub-
populations, as shown in Fig. 3. We found a depressed recombination rate across 
portions of the target interval in the Tx303 x B73 RIL population, confirming a low 
rate of recombination found in the current study between B73 and Tx303 in this 
region. Furthermore, most NAM founder lines showed low recombination rates across 
parts of the region. Hp301, however, showed higher levels of recombination, 
suggesting structural similarity between B73 and Hp301. Other lines, such as Ms71 
and M37W, showed repressed recombination in other regions of the interval.  
Because low recombination rates are hypothesized to be due to structural variation 
such as inversions, indels, transposable elements, or presence/absence variation 
(McMullen et al., 2009), we examined read depth variation across the interval in an 
attempt to identify structural variation. We found variation in the number of Tx303 
reads that mapped to the B73 reference sequence, while little variation was observed 
in the number of B73 reads that mapped to the reference sequence (Fig. 4). The region 
with little to no recombination in the NAM subpopulations showed a reduced number 
of reads in Tx303. Conversely, the region with significant NAM GWAS associations 
had an elevated number of reads that mapped to the reference genome in this location, 
suggesting possible duplications and genome expansion. 
 
Candidate genes underlying qSw1.06Tx303 
The Stewart’s wilt fine-mapping region was narrowed to a 95.9-kb interval that 
contains a putative zinc finger (GRMZM2G445684) and two uncharacterized genes: 
GRMZM2G445676, and AC213857.4_FG001. The two uncharacterized genes have 
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no known homologs and no annotated domains. Resistance at this locus is conferred 
by Tx303, and it is therefore plausible that the resistance gene is absent from the B73 
reference. 
 
Candidate genes underlying qNLB1.06Tx303  
The fine-mapping region falling within the Bayes 95% confidence interval for NLB 
resistance, 185.7 Mb to 189.3 Mb of maize chromosome 1, comprises 117 annotated 
coding genes, 30 pseudogenes, and 39 transposable elements in the B73 genome 
sequence (Table 3). A number of genes within the narrowed fine-mapping interval are 
credible candidates based on the involvement of those gene classes in plant defense as 
documented in the scientific literature. These include three putative leucine rich 
repeat-encoding genes, three putative protein kinases, two putative wall-associated 
receptor kinases, and one putative lipoxygenase sharing homology with Arabidopsis 
thaliana LOX2. Furthermore, genome-wide nested association mapping conducted by 
Chia et al., (2012) identified three significant associations clustered within the 40-kb 
region spanning 187.23 to 187.27 Mb AGP_V1. The most significant hit within the 
region was an intergenic 10 kb read depth variation with a bootstrap posterior 
probability (BPP) of 44, which was 30 kb upstream of a putative serine-threonine 
protein kinase and 129 kb downstream of a putative zinc-finger encoding gene 
(GRMZM2G441903). Two additional polymorphisms, one intronic SNP (BPP=3) and 
one intergenic copy number variation (BPP=1) were within 40 kb of the significant 
association with BPP=44.  
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Association mapping 
Association analysis of this region using the 282-line Goodman diversity panel (Flint-
Garcia et al., 2005) identified an association between 185.7 Mb to 189.3 Mb (Fig. 5). 
For significant intergenic associations, adjacent genes were considered as well as 
genes implicated by long-distance linkage disequilibrium. The SNP implicated by 
association analysis was located at 188,018,070 bp (AGP_V2) (p-value=1.72x10-4, q-
value=0.136), 260 bp downstream of a SpoU methylase (GRMZM5G854901) and 
13.54 kb upstream of an uncharacterized gene with a helix-loop-helix DNA-binding 
domain (GRMZM5G879527). The receptor-like kinase pan1 is located 37.555 kb 
from the significant diversity panel association, a distance close enough to link the 
SNP to pan1 by long-range LD (Chia et al., 2012) or the SNP could implicate a 
downstream element regulating the expression of pan1.   
 
pan1 is a susceptibility gene for NLB 
pan1 was initially a candidate gene for disease resistance at 1.06 based on its location 
inside the fine-mapping interval, its proximity to an NLB association from the 
diversity panel analysis, and its identity as a receptor-like kinase (Cartwright et al., 
2009) (this class of proteins is known to detect microbe- associated molecular 
patterns; (Zipfel 2008)). Phenotypically similar, but unlinked, pan2 mutants (Zhang et 
al., 2012) were also assessed to test the hypothesis that the pan genes influence the 
disease response through their known effect on stomatal morphology or related 
pathways. We tested pan1 and pan2 mutants in replicated, multi-year trials and found 
a significant genotype effect (p-value <0.0001). Both mutants with null alleles of pan1 
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were found to be significantly more resistant to NLB than B73, indicating pan1 is a 
susceptibility gene for NLB, while pan2 mutants showed no significant difference 
from B73 (Fig. 6). For NLB, pan1-Mu had a 41% decrease in AUDPC, as compared 
with B73, and was generally more resistant than pan1-ems, which had a 27% decrease 
in AUDPC, as compared to B73. For Stewart’s wilt, pan1 mutants were nearly 
immune. 
 These results suggest that partial or complete loss of pan1 may contribute to 
the increased resistance seen in qNLB1.06Tx303 compared to qNLB1.06B73. To further 
test this hypothesis, we compared pan1 gene expression levels in mature leaves of 
these two lines via RT-PCR. Consistent with reduced pan1 function in qNLB1.06Tx303, 
we found that pan1 to control actin signal ratios were decreased from 0.915 +/- 0.168 
in qNLB1.06B73 to 0.553 +/- 0.035 in qNLB1.06Tx303 (+/- standard errors, p<0.05 using 
Student’s T test).  However, further work will be needed to determine whether the 
reduction in pan1 expression level in qNLB1.06Tx303 is causally related to the increase 
in NLB resistance seen in this line. 
 
Discussion 
Loci that underlie a number of traits present an opportunity to investigate the complex 
relationship between variation for traits, genome structure, recombination, and 
causative genes.  Maize bin 1.06 is one such locus that is associated with effects on 
diverse traits. This chromosomal region of interest has been described as a yield-
stabilizing locus associated with effects on resistance to several diseases, root 
architecture, plant height, flowering time and yield across different soil moisture levels 
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and genetic backgrounds (Landi et al., 2002, Tuberosa et al., 2002, Wisser et al., 
2006, Landi et al., 2010). This locus is a relatively QTL-dense segment of the maize 
genome, with more than double the average number of QTL (35 QTL v. an average of 
15 QTL/bin), but an average genetic size on the NAM genetic map and physical size 
(McMullen et al., 2009, Andorf et al., 2010). The elevated number of QTL in this bin, 
coupled with an average gene content and genetic size, indicate that this bin is 
important for maize breeding across a broad set of traits. Hence, it is of interest not 
only to identify the genes underlying those traits, including multiple disease resistance, 
but also to investigate the genome dynamics shaping the region. 
Consistent with the observation of high QTL density, variations in the targeted 
interval were shown to be under selection during domestication and subsequent 
varietal improvement. Candidate genes for domestication syndrome in this region, 
identified as genes lying in extended regions with allele frequency differentiation 
between landraces and Zea mays ssp. parviglumis, include genes such as a putative 
lipoxygenase, putative frataxin, and a putative zinc finger among others, while 
“improvement candidates” (those that contrast for improved lines versus landraces) 
include putative protein kinases, putative EF-hand proteins, a putative alcohol 
dehydrogenase, and a putative antifreeze protein, among others (Hufford et al., 2012). 
The observed patterns of selection may be related to disease resistance, as the 
transcriptional rewiring of the maize transcriptome during domestication suggests that 
genes related to biotic stress are overrepresented among the group of genes up-
regulated during domestication (Swanson-Wagner et al., 2012). Indeed, some of these 
candidate genes, such as the lipoxygenase, serine/threonine protein kinase, and the 
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antifreeze protein, could be involved in one of the many disease resistances 
conditioned by this locus.  
This region harboring numerous QTL for diverse traits shows signs of high 
genome complexity and plasticity. A low recombination rate in the fine-mapping 
interval was observed in the NILs, with a limited number of recombinants identified 
between 184.6 Mb and 187.6 Mb, but an average gene density as compared to the 
maize genome as a whole (Schnable et al., 2009). The fine-mapping interval, 
including the region of low recombination, co-localizes with the yield-stabilizing QTL 
reported by Landi et al., (2010). A reduced recombination rate in this interval was 
observed in many of the NAM subpopulations, providing support for the hypothesis 
that B73 has a lack of synteny with other maize lines at this region, with the exception 
of Hp301, which recombines with B73 in this region. The low recombination could be 
due to small inversions, indels, transposon insertion, or presence/absence variation 
(McMullen et al., 2009). Such differences that suppress recombination may be 
selected upon to conserve the yield-stabilizing haplotype located at this region.  
Increasingly, copy number variation (CNV) has been found to underlie trait 
variation, including biotic and abiotic stress tolerance (Cook et al., 2012, Maron et al., 
2013). A CNV polymorphism was significantly associated with NLB in the 1.06 
interval based on the NAM GWAS. Together with the lack of recombination in part of 
the fine-mapping population, this suggests that genome content variation across 
diverse maize germplasm may underlie the differences in disease response. To test this 
hypothesis, structural differences were explored by examining read depth variation 
across the region. Pronounced variation in the number of Tx303 reads that mapped to 
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the reference was found, which can be interpreted as evidence for duplications or 
genome expansion at this region in Tx303. This is not uncommon, as the maize 
genome is highly plastic, with read depth variation in 90% of the genome (Chia et al., 
2012) and presence/absence variation thought to be a major driver of phenotypic 
variation in maize (Wallace et al., 2014).  
Given the complex genetic basis of quantitative traits and this region, a fine-
mapping approach was taken to refine the genomic region associated with resistance 
to NLB and Stewart’s wilt, complemented by association mapping to identify 
candidate genes. The fine-mapping approach allowed for the dissection of the multi-
trait nature of this QTL. Resistance to Stewart’s wilt was localized to a 95.9-kb region 
within the larger 3.60 Mb NLB fine-mapping interval. While the majority of major 
QTL have been shown not to be pleiotropic in nature (Wallace et al., 2014), a 
pleiotropic basis of disease resistance cannot be excluded at this locus. The breakpoint 
analysis for both diseases was similar, although the confidence interval of NLB was 
calculated to be larger than that for Stewart’s wilt.  
The candidate region for Stewart’s wilt contains three genes in the B73 
genome sequence: a gene with a putative zinc finger and two uncharacterized genes. 
Both uncharacterized genes lack homologs and one lacks expression evidence (Dong 
et al., 2004, Sen et al., 2010). However, the genic content of the region may differ in 
Tx303. A physical map assembly for Tx303 across the fine-mapping region would 
clarify this. A number of mapping studies have implicated the region on Chr. 1 
between 180 and 190 Mb across diverse populations for resistance to NLB. The 
qNLB1.06Tx303 region has been successfully narrowed to 3.6 Mb. While 117 candidate 
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genes from the B73 genome sequence were implicated through fine-mapping, it is 
likely that Tx303 differs in the genic content of this region. A subset of the 117 genes 
was particularly credible based on previous knowledge of plant defense, including 
four putative leucine-rich repeat protein kinases. Other candidates include a frataxin, 
an ABC transporter, and a lipoxygenase. 
Association mapping provides a complementary approach for identifying 
candidate genes. Significant associations within the qNLB1.06 fine-mapping interval 
were detected using both the NAM and Goodman diversity panels (Flint-Garcia et al., 
2005, Poland et al., 2011, Wisser et al., 2011, Chia et al., 2012). The most significant 
association within this region in the NAM was an intergenic copy number variation, 
which had a BPP value of 44 (p-value= 0.0000737), one of the most highly significant 
associations from the analysis (Poland et al., 2011, Chia et al., 2012). Among the 
genes implicated by NAM, the putative A20/AN1 zinc finger was the strongest 
candidate; a gene domain that is associated with stress tolerance in plants and the 
immune system in animals (Vij and Tyagi 2008). This polymorphism is close to the 
Stewart’s wilt fine-mapping interval, lending support to the hypothesis that a region 
present in Tx303 but not B73 may contain gene(s) for resistance to both diseases. 
Association analysis using the Goodman diversity panel revealed a significant 
intergenic SNP within the fine-mapping interval, approximately 800 kb from the 
NAM CNV (Flint-Garcia et al., 2005, Wisser et al., 2011). The NLB-associated CNV 
and SNP polymorphisms may be in linkage disequilibrium with one or more genes in 
the vicinity. Candidate genes from association mapping can be further investigated 
through expression analyses, re-sequencing, and testing across different germplasm 
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sets. 
Within the fine-mapping interval shown in Fig. 2, the significant Goodman 
panel SNP was 38 kb from pan1, as shown in Fig. 5. We tested the pan mutants for 
both NLB and Stewart’s wilt because of the similar mapping results between the two 
diseases (Fig. 2). The smaller confidence interval for Stewart’s wilt may reflect the 
stronger phenotype, however, the similar profile indicates there may be multiple genes 
underlying the QTL for both diseases. Two independent null mutant alleles of this 
gene conferred resistance phenotypes for NLB and Stewart’s wilt (Fig. 6), 
demonstrating that mutations in pan1 itself (not a linked gene present in one or other 
mutant background) increase resistance for the two diseases. This finding suggests that 
a loss of function allele of pan1 derived from Tx303 may contribute to the disease 
resistance phenotype(s) conferred by qNLB1.06Tx303 and qSW1.06Tx303; further work is 
needed to test this hypothesis directly. pan1 has been studied for its role in promoting 
features of actin organization that support asymmetric cell division (Cartwright et al., 
2009). Interestingly, lines carrying mutations for pan2, also a gene studied for its role 
in asymmetric cell division, were not significantly different than B73, indicating 
aberrant stomata found in both mutant lines are not the underlying mechanism of 
resistance in the pan1 mutants. Susceptibility conditioned by wild-type pan1 could be 
due to a passive mechanism, such as altered anatomical structures, or an active 
process, such as actin re-organization during pathogen attack.  
We have successfully refined q1.06Tx303, identified candidate genes, and 
demonstrated a role for pan1 in multiple disease resistance. NLB and Stewart’s wilt 
resistance regions have been narrowed sufficiently that the markers within the NLB 
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and Stewart’s wilt intervals can be used for marker-assisted selection. These data 
strongly suggest that structural variation underlies this locus and pan1, a gene in 
which lowered expression is correlated with higher resistance levels, may underlie the 
NLB QTL. Loss of susceptible pan1 alleles could be used to decrease maize 
susceptibility to diverse pathogens. Through fine-mapping, examining recombination 
rates and re-sequencing data, and evaluating mutant lines, we were able to dissect a 
complex locus and identified a role for pan1 in plant defense. This approach shed light 
on a locus known for its complexity and quantitative effect. 
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Figure 1: Near-isogenic line development. Near$isogenic line development is shown 
beginning with population development by Szalma et al. (2007) and Chung et al. 
(2010), through fixed recombinant screening.%
 
 
 
  
Popula'on)of)BC3)
Introgression)Lines)(TBBC3))
BC4F3)
(BC4F3)BC1F2)
(BC4F3)BC1F3)
(BC4F3)BC1F4)
(BC4F3)BC1F5)
(BC4F3)BC1F6)
Screened for fixed recombinants 
Evaluated for disease resistance 
(NLB & Stewart’s wilt) 
Evaluated for disease resistance 
(NLB & Stewart’s wilt) 
4,475 plants screened for recombinants 
Selected 15 heterozygous individuals 
TBBC3-38 
TBBC3-38_19E 
Pedigree 
Backcrossed to B73 and selfed 
Refer to Chung et al. 2010 
Identified 113 recombinant individuals 
 X 
 X 
 X 
 X 
 66 
 
 Figure 2. Mapping of qNLB1.06 and breakpoint analyses for qNLB1.06.   
A.) Locations of introgressions for NILs TBBC3_5F and TBBC3_19E are shown with 
marker names. B.) Breakpoint analysis for NLB and Stewart’s wilt. C.) Selected 
representative recombinants and their associated phenotypes. For genotypes, dark 
shading indicates the Tx303 allele, while white indicates the B73 allele. Light grey 
shading indicates the region of a recombination event. For phenotypes, blue shading 
indicates a more resistant line, while red indicates a more susceptible line. 
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Figure 3. Recombination rates. Recombination rates were calculated between nine 
markers for the NAM sub-populations. NAM founders are shown on the left and the 
gene counts for the eight sub-intervals across the top. Red indicates regions of high 
recombination and blue indicates regions of low recombination. The black bar above 
the physical positions represents the region examined for read depth variation in 
Figure 4. 
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Figure 4. Read depth variation across qNLB1.06 fine-mapping region. 
Blue bars indicate the number of B73 Illumina reads that align to the given bin, while red bars indicate the number of Tx303 
Illumina reads that align to the given bin. Bins are 327 kb and the positions of the bins in noted on the X-axis. 
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Figure 5. Diversity panel association. Association analysis for NLB in the fine-
mapping region using the Goodman diversity panel (Flint-Garcia et al., 2005). The 
significant SNP at 188,018,070 bp (p-value=1.72x10-4, q-value=0.136) is blue. The 
false discovery rate threshold is represented by a q-value of 0.15. 
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Figure 6. Disease phenotypes of pan mutants. Plants homozygous for both pan1-
ems and pan1-Mu alleles are significantly different from B73, the background for the 
mutants, while pan2 mutants are not. Letters denote significance with Student’s t-test 
(p-value <0.0001). pan2 mutants are shown in blue, while pan1 mutants are shown in 
green. B73 is shown in red. 
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Table 1. Markers. The markers used in this fine-mapping study, along with their physical positions (AGP_V2) and primer 
sequences are listed. Locus names are derived from marker available from panzea.org (begin with PZA or ss) or derived for this 
study (begin with chr1 or ch1). Physical positions are AGP_V2 postions. 
  
    
  
Marker ID Locus name 
Physical 
position  Forward primer 1 Forward primer 2 Common reverse primer 
snp_01_0042 
ch1_AC202158_
78820 180,394,890 
GAAGGTGACCAA
GTTCATGCTGCCG
ATACCAATCACTG
ACA 
GAAGGTCGGAGTCAA
CGGATTCTGCCGATA
CCAATCACTGACG 
GCCCCGGTCGGTACA
CAGTTA 
snp_01_0057 
chr1|183107525|
C/T 184,016,638 
GAAGGTGACCAA
GTTCATGCTCCCT
CACCAGCGACCA
CC 
GAAGGTCGGAGTCAA
CGGATTCTTCCCTCAC
CAGCGACCACT 
GGCAGGCAAGGTCA
CAGAGGAA 
snp_01_0015 PZA00068.1 183,986,082 
GAAGGTGACCAA
GTTCATGCTGACA
GGGAACCGGATT
CTATAG 
GAAGGTCGGAGTCAA
CGGATTGTGACAGGG
AACCGGATTCTATAA 
GTTAATCTTCACCTG
GTGCATCGTGTA 
snp_01_0059 
chr1|184516928|
G/A 184,633,349 
GAAGGTGACCAA
GTTCATGCTCCAG
GGCCTGCTAACG
CTGTT 
GAAGGTCGGAGTCAA
CGGATTCAGGGCCTG
CTAACGCTGTC 
CGTACATGTGCCGCG
CGTTTATATA 
snp_01_0047 
chr1|185582569|
A/C 185,737,089 
GAAGGTGACCAA
GTTCATGCTGAAT
TGCTATTATTATA
TAACTCAACCCGT 
GAAGGTCGGAGTCAA
CGGATTAATTGCTATT
ATTATATAACTCAAC
CCGG 
TCGGCCATCTCGGCA
ACCTCAA 
snp_01_0136 ss229502009 187,090,230 
GAAGGTGACCAA
GTTCATGCTGCAA
TAACCATTGAACC
AACGAC 
GAAGGTCGGAGTCAA
CGGATTCTGCAATAA
CCATTGAACCAACGA
G 
GTCCAGCTATAGGAT
AGGAAGAGCAT 
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snp_01_0137 ss229502244 187,245,104 
GAAGGTGACCAA
GTTCATGCTGCGT
CATTTTCTCGTCA
GGGC 
GAAGGTCGGAGTCAA
CGGATTCTGCGTCATT
TTCTCGTCAGGGA 
ACTCCATTATTCATG
CTTGATGGACCTA 
snp_01_0138 ss229502327 187,272,680 
GAAGGTGACCAA
GTTCATGCTACTG
CTAGCAGCTACTG
CAGG 
GAAGGTCGGAGTCAA
CGGATTCTACTGCTA
GCAGCTACTGCAGA 
CCAACCTTTACCTAA
ACATGTTTGCTGTT 
snp_01_0139 ss229502401 187,341,010 
GAAGGTGACCAA
GTTCATGCTGCGC
CTCTCCTCCACGG
C 
GAAGGTCGGAGTCAA
CGGATTGCGCCTCTCC
TCCACGGT 
ACGGTGCCCGGCGC
GTGAA 
snp_01_0115 ss229502466 187,399,046 
GAAGGTGACCAA
GTTCATGCTCGTA
ACGGCAAGCTTCT
CTGTGT 
GAAGGTCGGAGTCAA
CGGATTGTAACGGCA
AGCTTCTCTGTGC 
TCTCTGGCGTAGGGT
CCTCTCT 
snp_01_0116 ss229502486 187,400,044 
GAAGGTGACCAA
GTTCATGCTTCCG
CTGCCGCTGCGG
A 
GAAGGTCGGAGTCAA
CGGATTCCGCTGCCG
CTGCGGG 
GCAGTCGTGGCGGTC
CGAGTA 
snp_01_0117 ss229502506 187,401,161 
GAAGGTGACCAA
GTTCATGCTGGAC
AGCGAACCCGGG
GA 
GAAGGTCGGAGTCAA
CGGATTGGACAGCGA
ACCCGGGGG 
CCTTGGTCGCGTCTG
GCTGCT 
snp_01_0118 ss229502527 187,436,581 
GAAGGTGACCAA
GTTCATGCTTTGT
TAAGCAAGCACA
CAGAAGCG 
GAAGGTCGGAGTCAA
CGGATTTGTTAAGCA
AGCACACAGAAGCA 
CAGCTGCTCGTCGTC
TGTTGTTAAT 
snp_01_0079 ss196501884 187,588,467 
GAAGGTGACCAA
GTTCATGCTACCG
GAAGGTCGGAGTCAA
CGGATTCCGGAACAT
CGGAGAGGATCACG
CCGAAGTT 
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GAACATCGTCAA
GATGGAA 
CGTCAAGATGGAG 
snp_01_0082 ss229504554 189,336,643 
GAAGGTGACCAA
GTTCATGCTCCTT
GCGCTCTCAGGTT
TTTGCA 
GAAGGTCGGAGTCAA
CGGATTCTTGCGCTCT
CAGGTTTTTGCG 
TCATTCAGGTGGGCC
CAGGCT 
snp_01_0083 ss196429231 189,352,206 
GAAGGTGACCAA
GTTCATGCTCAGC
CCCCTCTGTCCGT
T 
GAAGGTCGGAGTCAA
CGGATTCAGCCCCCT
CTGTCCGTC 
CCTTCAAGCTCGAGC
TGGGACT 
snp_01_0085 ss196516288 190,594,339 
GAAGGTGACCAA
GTTCATGCTGTTT
AAGAATTGGATA
TCATTGATCGAC 
GAAGGTCGGAGTCAA
CGGATTCTGTTTAAG
AATTGGATATCATTG
ATCGAT 
GGCGTTGCTGATATC
GCGTTCAATT 
snp_01_0061 
chr1|193313487|
C/T 193,478,836 
GAAGGTGACCAA
GTTCATGCTGGTT
CGTCCATTGCCGG
AATC 
GAAGGTCGGAGTCAA
CGGATTCGGTTCGTCC
ATTGCCGGAATT 
CGAACTCAACAGAG
GAATTCTTACCTT 
snp_01_0005 PZA00619.3 195,557,990 
GAAGGTGACCAA
GTTCATGCTGAAG
CACTCAACGCCG
CCAGA 
GAAGGTCGGAGTCAA
CGGATTAGCACTCAA
CGCCGCCAGG 
GMCATGCATATATAT
ATGGCTGCCTCAT 
snp_01_0088 ss229511302 196,306,976 
GAAGGTGACCAA
GTTCATGCTGATG
TCCATGAATTTTC
CAGTTCCAA 
GAAGGTCGGAGTCAA
CGGATTGATGTCCAT
GAATTTTCCAGTTCCA
T 
AGCTCAGTACACTAG
TAAAAATTAGGGTA
A 
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Table 2. NLB QTL mapping studies. Previous QTL studies that identified QTL for NLB resistance at maize bin 1.06 are listed. 
Confidence interval (CI) locations are based on AGP_V2. 
Reference Parents 
Resistance 
source Population 
QTL 
mapping Trait Flanking markers 
Lower 
CI* 
Upper 
CI* 
Balint-Kurti et 
al. 2010 
B73 x 
Mo17 B73 RIL 
Composite 
interval 
mapping 
AUDPC 
(AU06WMD) bnlg1598 umc1396 187.8 191.1 
Freymark et al. 
1993 
B52 x 
Mo17 B52 F2:3 
Interval 
mapping 
Average 
Number of 
lesions/leaf umc157 umc67 12.2 175.6 
Average 
percentage leaf 
tissue diseased umc157 umc67 12.2 175.6 
Welz et al. 
1999 
D32 x 
D145 D32 
F3 
Composite 
interval 
mapping 
% diseased leaf 
area csu61b 
dup12 
(dupssr12) 181.0 239.6 
Wisser et al. 
2008 - - 
Recurrent 
selection  
Selection 
mapping - bnlg615 201.0 
Chung et al. 
2010 
B73 x 
Tx303 Tx303 NILs - IP, AUDPC umc1754 umc2234 180.0 187.4 
Chung et al. 
2011 
B73 x 
CML52 CML52 HIFs - 
IP, lesion 
number, 
diseased leaf 
area, AUDPC 
  
182.6 189.8 
B73 x 
CML52 CML52 RIL ICIM 
3 diseased leaf 
area ratings 
  
200.4 205.8 
Zwonitzer et 
al. 2010 Ki14 × B73  Ki14 RIL 
Multiple 
interval 
mapping sAUDPC 
PZA010
41.2 bnlg1057 157.1 190.0 
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Poland et al. 
2011 NAM 
B97    
NAM 
Joint 
linkage 
mapping 
AUDPC PZA02191.1 
PZA00619
.3 182.5 195.6 
CML103 
CML247 
CML52 
CML69 
Ki11 
Ki3 
M37W 
Mo17 
Mo18W 
NC358 
Tzi8 
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Table 3. Candidate genes. Candidate genes that fall within the NLB fine-mapping 
interval. 
Gene ID Start (AGPV2) 
Stop 
(AGPV2) Interpro Description 
GRMZM2G119511 185735951 185738575 Pyridoxal phosphate-dependent transferase 
GRMZM2G419430 185737836 185738414 Calcium-binding EF-hand 
GRMZM2G419431 185739064 185740761  
GRMZM2G419436 185739619 185740699 Serine/threonine-protein kinase, active site 
GRMZM2G119547 185741603 185742128 Actin cross-linking 
GRMZM2G124428 185777384 185779013 Wall-associated receptor kinase galacturonan-binding domain 
AC190935.2_FG001 186007538 186008047  
GRMZM2G116254 186214773 186215342 Calcium-binding EF-hand 
GRMZM2G552586 186230672 186232165 Aldehyde/histidinol dehydrogenase 
GRMZM2G116236 186236715 186237201  
GRMZM2G417360 186237596 186238072 HAT dimerisation 
AC186416.3_FG001 186340690 186342603  
GRMZM2G037493 186468876 186472999 SANT/Myb domain 
GRMZM2G037581 186533673 186537407 WD40 repeat 
GRMZM2G502940 186538248 186538450  
AC215187.3_FG003 186593280 186593915  
AC205695.3_FG008 186615110 186616941  
GRMZM2G362303 186633675 186639255 Protein kinase, catalytic domain 
GRMZM2G308597 186640159 186640742 Calcium-binding EF-hand 
GRMZM2G449226 186652945 186655618  
GRMZM2G391281 186674312 186675233  
GRMZM2G391288 186675613 186678029 S-receptor-like serine/threonine-protein kinase 
GRMZM5G811972 186678239 186678787  
AC208564.3_FG004 186736360 186737646 Transcription factor, K-box 
GRMZM2G061739 186964841 186965674  
AC211887.3_FG001 186964865 186965437  
GRMZM5G832154 186972934 186973635  
GRMZM5G800323 186973040 186973858  
GRMZM2G061791 186995763 186999056  
GRMZM2G359559 187002125 187004115 Aminotransferase, class V/Cysteine desulfurase 
AC211887.3_FG004 187003702 187004115 Calcium-binding EF-hand 
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GRMZM2G059012 187055101 187062082 Wall-associated receptor kinase galacturonan-binding domain 
AC211887.3_FG006 187063931 187064597  
GRMZM2G359434 187065602 187069942 Pentatricopeptide repeat 
AC211887.3_FG007 187065698 187066120 Calcium-binding EF-hand 
GRMZM2G059129 187091607 187095345 Glycerophosphoryl diester phosphodiesterase 
GRMZM2G085210 187118709 187121135 Proton-dependent oligopeptide transporter family 
GRMZM2G119381 187179081 187180794  
GRMZM2G419267 187190806 187194254 Glycosyltransferase AER61, uncharacterised 
GRMZM2G445684 187269130 187271929 Zinc finger, C2H2 
GRMZM2G445676 187271948 187272122  
AC213857.4_FG001 187338417 187341110  
GRMZM2G083755 187341766 187344871 Frataxin/CyaY 
GRMZM2G083803 187344872 187345544  
AC213857.4_FG003 187344907 187345239 EF-Hand 1, calcium-binding site 
GRMZM2G552850 187353437 187354156  
AC212463.3_FG001 187368059 187379099  
GRMZM5G834455 187379121 187379438  
GRMZM2G142507 187380518 187384704  
GRMZM2G441888 187383447 187384622 Photosystem II PsbP, oxygen evolving complex 
GRMZM2G142597 187387273 187397432 RNA recognition motif domain 
GRMZM2G441903 187398921 187400738 Zinc finger, AN1-type 
GRMZM2G142638 187403377 187407974 Poly(A) polymerase, central domain 
AC212463.3_FG009 187435427 187436221  
GRMZM2G020478 187441277 187443050 Serine/threonine- / dual specificity protein kinase, catalytic  domain 
GRMZM2G132763 187587612 187591058 Leucine-rich repeat 
GRMZM2G132748 187626539 187627195 NADH:ubiquinone oxidoreductase, ESSS subunit 
GRMZM2G132704 187635249 187640520 Dilute 
GRMZM2G132623 187641040 187642585 Ribosomal protein L31e 
GRMZM2G435224 187641060 187642612  
GRMZM2G132607 187643004 187646940 Carbohydrate kinase PfkB 
GRMZM2G563405 187649672 187650116  
GRMZM2G141320 187667515 187670309 Diacylglycerol glucosyltransferase, N-terminal 
GRMZM2G040129 187753619 187755711 DNA-directed DNA polymerase, family B, mitochondria/virus 
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GRMZM2G580853 187842642 187843102  
GRMZM2G163771 187843888 187844570  
GRMZM2G163783 187845063 187845576  
GRMZM2G121302 187877315 187877869 Cyclophilin-like peptidyl-prolyl cis-trans isomerase domain 
GRMZM5G873791 187877340 187877853  
GRMZM2G121312 187883668 187885516 Leucine-rich repeat-containing N-terminal, type 2 
GRMZM2G121398 187889142 187892150  
GRMZM5G839014 187975033 187977356 Ovarian tumour, otubain 
GRMZM5G836190 
(pan1) 187978007 187980515 
Leucine-rich repeat-containing N-
terminal, type 2 
GRMZM5G854901 188014689 188017810 tRNA/rRNA methyltransferase, SpoU 
GRMZM5G879527 188031610 188034600 Myc-type, basic helix-loop-helix (bHLH) domain 
GRMZM2G703846 188036995 188037538  
GRMZM5G861100 188059257 188062957  
AC234203.1_FG009 188060402 188062129 rRNA-processing protein EFG1 
AC234203.1_FG010 188063594 188066385  
AC234203.1_FG011 188071750 188073648 Ethylene insensitive 3-like protein, DNA-binding domain 
AC234203.1_FG004 188083185 188089513 ABC transporter, transmembrane domain 
AC234203.1_FG005 188092362 188092850  
GRMZM5G822593 188114875 188119970 Lipoxygenase, LH2 
GRMZM2G161004 188169374 188172490 G-patch domain 
GRMZM2G160917 188181863 188185970 Transcription factor, SBP-box 
GRMZM2G159263 188256572 188256759  
GRMZM2G413230 188333139 188333371  
GRMZM2G115436 188342737 188344114  
GRMZM2G115442 188344346 188355656 Short-chain dehydrogenase/reductase SDR 
GRMZM2G115462 188386434 188386882 Ribonuclease T2-like 
GRMZM2G022499 188457694 188461344 SANT/Myb domain 
GRMZM2G403669 188600179 188600736  
GRMZM2G403667 188601086 188602301  
GRMZM2G403664 188601935 188602807  
GRMZM2G007681 188719663 188811722 RNA polymerase, N-terminal 
GRMZM2G325543 188733228 188736419 Zinc finger, BED-type predicted 
GRMZM2G430455 188855847 188859402 KOW 
GRMZM2G130659 188880026 188886014 Nonaspanin (TM9SF) 
GRMZM2G430522 188906106 188908967 No apical meristem (NAM) 
 79 
protein 
GRMZM2G467263 188927396 188928192  
GRMZM2G168669 188928450 188929193  
GRMZM2G342437 188983389 188985663  
GRMZM2G042622 188986180 188988366 Serine-threonine/tyrosine-protein kinase catalytic domain 
GRMZM5G847243 189045340 189045985  
GRMZM2G357919 189077793 189078897 Protein kinase, catalytic domain 
GRMZM2G055992 189081768 189085843 Leucine-rich repeat 
GRMZM2G056056 189088108 189090646  
GRMZM2G056122 189091152 189093163 Pentatricopeptide repeat 
GRMZM2G088627 189145769 189150346 Peptidase M20 
GRMZM2G009009 189188469 189190473  
GRMZM2G009117 189191520 189193031 Heavy metal-associated domain, HMA 
AC186691.4_FG009 189196177 189197677  
GRMZM2G009154 189200093 189201905 Glycosyl-phosphatidyl inositol-anchored, plant 
GRMZM2G308873 189200780 189201223  
GRMZM2G158182 189276877 189277368  
GRMZM2G458441 189278497 189283529 Peptidase C54 
AC186691.4_FG003 189334539 189334808   
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CHAPTER 3 
 
MULTIPLE GENES, INCLUDING A PUTATIVE REMORIN, ARE IMPLICATED 
IN QUANTITATIVE DISEASE RESISTANCE AGAINST DIVERSE PATHOGENS 
OF MAIZE3 
Abstract 
The mechanisms of quantitative disease resistance remain largely elusive and the basis 
of multiple disease resistance undetermined. In this study, we chose to fine-map a 
known quantitative disease resistance locus in maize, qNLB1.02, which confers 
resistance to three foliar diseases of maize: northern leaf blight (NLB), caused by 
Setosphaeria turcica; Stewart’s wilt, caused by Pantoea stewartii; and common rust, 
caused by Puccinia sorghi. qNLB1.02 provides broad-spectrum resistance to S. 
turcica, and qNLB1.02 has been previously shown to provide protection against 
vascular invasion by this pathogen. Using a population derived from previously 
characterized introgression lines, a 27-Mb interval was found to have multiple QTL 
for NLB resistance. The common rust QTL co-localized with the Stewart’s wilt QTL 
in a 5.26-Mb interval, while the 2.56-Mb interval for rust resistance overlapped with 
the Stewart’s wilt QTL. Positional candidate genes from the fine-mapping interval 
were identified and investigated. The gene roughsheath2-interacting KH domain 
protein (rik) (Phelps-Durr et al., 2005; Buckner et al., 2008) was tested as a putative 
candidate for qNLB1.02 based on initial fine-mapping and association mapping. rik 
was found to be up-regulated during infection by S. turcica, but was not significant in 
                                                
3 Jamann, T, Luo, X, Morales, L, Kolkman, J., Chung, C, Nelson, R. Multiple genes, 
including a putative remorin, are implicated in quantitative disease resistance against 
diverse pathogens of maize. In preparation. 
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a subsequent association analysis and was excluded based on subsequent fine-
mapping. Four candidate genes selected based on physical position within the 
narrowed fine-mapping interval were examined. Two genes, a putative remorin and a 
putative F-box gene, were found to be more highly expressed in the resistant line. 
Mutants were tested for two of the four genes and the putative remorin showed an 
effect, strongly suggesting this putative remorin underlies the QTL. 
 
Introduction 
Quantitative disease resistance (QDR) has frequently been employed through 
conventional plant breeding, and many studies examining the genetic architecture of 
quantitative resistance identified only a few loci contributing to resistance (Van der 
Plank, 1984).  Using a large, multi-parental maize population, a highly complex 
genetic architecture for QDR has been revealed (Kump et al., 2011; Poland et al., 
2011).  For southern leaf blight (SLB) and northern leaf blight (NLB), 32 and 29 
independent loci, respectively, have been implicated in quantitative resistance (Kump 
et al., 2011; Poland et al., 2011). Through genome-wide association studies with 
multiparental populations and diversity panels a sizeable number of candidate genes 
have emerged (Chia et al., 2012; Schaefer and Bernardo, 2013; Van Inghelandt et al., 
2012). However, these genes have not been validated and the mechanisms underlying 
QDR remain largely a matter of speculation (Poland et al., 2009).  
A number of mechanisms have been postulated to be involved in QDR, 
including genes involved in avoidance, perception, and signaling (Poland et al., 2009). 
Although many genomic regions have been associated with incomplete resistance, 
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these regions are typically associated with hundreds of genes. The few genes that have 
been demonstrated to play a role in QDR illustrate the diversity of mechanisms that 
influence the trait. The known QDR genes include an ABC transporter, a kinase-
START gene, a cluster of germin-like proteins, and a proline-rich protein (Fu et al., 
2009; Fukuoka et al., 2009; Krattinger et al., 2009; Manosalva et al., 2009). These 
genes implicate a broad range of mechanisms (St Clair, 2010). Further cloning of loci 
will elucidate the mechanisms that underlie QDR and provide additional insight into 
their diversity. 
QDR can vary in specificity, from providing protection against one race of a 
pathogen, to providing protection against diverse microbes (St Clair, 2010). Many 
regions of the genome have been associated with resistance to diverse diseases, but the 
low resolution of these mapping studies has not allowed linkage to be distinguished 
from pleiotropy (Wisser et al., 2006). Only in a few instances has a gene been 
demonstrated to confer pleiotropic resistance. Proteins at highly connected nodes of 
the proteome are targets of effectors from diverse taxa, as are those related to plant 
hormones (Mukhtar et al., 2011). The mechanism of resistance may provide some 
insight into the specificity of resistance conditioned by a gene. For example, 
regulatory genes, such as those related to hormones, have been shown to provide 
protection against diverse pathogens (Todesco et al., 2010).  In other cases, the 
mechanisms of pleiotropic resistance remain obscure, as in the case of the putative 
ABC transporter encoded by Lr34, which confers durable resistance to two rusts and 
powdery mildew (Krattinger et al., 2009). One QTL in maize that has been 
consistently mapped as effective against diverse diseases, such as northern leaf blight 
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(NLB), southern leaf blight, common rust, Stewart’s wilt, and ear and stalk rots by 
multiple fungal pathogens, has been mapped to bin 1.02 (referred to as qNLB1.02B73) 
(Chung et al., 2010b; Wisser et al., 2006). 
NLB is a foliar disease of maize caused by the Setosphaeria turcica 
(anamorph=Exserohilum turcicum) (Luttrell) K.J. Leonard and E.G. Suggs. In 
inoculated field trials, yield losses of up to 63% have been associated with severe NLB 
epidemics (Perkins, 1987; Pingali and Pandey, 2001; Raymundo, 1981). Disease 
progression is favored by moderate temperatures and high humidity, and NLB is thus 
endemic in many regions of the world (Adipala et al., 1993; Fininsa and Yuen, 2001; 
Levy and Pataky, 1992). Stewart’s wilt, a seed-borne disease caused by Pantoea 
stewartii, can be highly prevalent in years when corn flea beetle pressure is high and is 
important in part because of zero-tolerance phytosanitary requirements (Esker and 
Nutter, 2002; Khan et al., 1996). Both pathogens are hemibiotrophs and once inside 
the plant, they spread through the vascular tissue, causing wilted lesions by plugging 
xylem vessels (Jennings and Ullstrup, 1957; Roper, 2011). The third disease for which 
this locus is associated with resistance against is common rust, caused by Puccinia 
sorghi. Common rust is especially important in sweet corn production, where yields 
can be decreased up to 49% by rust (Groth et al., 1983). 
Maize bin 1.02 has been identified as a pleiotropic locus in maize with effects 
on traits such as disease resistance and flowering time. Nested association mapping for 
NLB identified a QTL at 1.02 with joint linkage mapping. A positive relationship 
between flowering time and disease severity has been noted in maize, where lines that 
flower later are more resistant (Wisser et al., 2011). When examined at the QTL level, 
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this correlation tends to dissipate (Poland et al., 2011). The QTL at 1.02 was the only 
QTL to show a correlation with flowering time, where there was an inverse correlation 
with flowering time, indicating a potential role for pleiotropy at the locus (Poland et 
al., 2011). In order to dissect the resistance conditioned by this locus, Chung et al. 
(2010b) used introgression lines to infer the mechanism of resistance conditioned by 
the locus and found that the QTL acted to slow S. turcica pathogenesis between the 
initial penetration phase and vascular invasion. Introgression lines contrasting for NLB 
also contrasted for common rust and Stewart’s wilt, and B73 was the resistance donor 
for all three diseases (Chung et al., 2010b). 
In order to understand the genetic relationship(s) underlying broad-spectrum 
resistance at a single locus and to identify genes conditioning resistance, we used 
high-resolution fine-mapping, complemented by association mapping, expression 
analysis and mutant analysis. We were able to separate resistance to rust and Stewart’s 
wilt from resistance to NLB, but were unable to separate resistances for rust and 
Stewart’s wilt. We demonstrate a role for a putative F-box encoding gene in NLB 
resistance, and provide strong evidence that a putative remorin is one of multiple 
genes underlying this quantitative disease resistance QTL.  
 
Materials and methods 
Plant materials 
The QTL at 1.02 for NLB, Stewart’s wilt and common rust was identified and 
confirmed previously (Chung et al., 2010b). The fine mapping population was derived 
from the TBBC3 (Tx303 x B73 Backcross 3) population, a population of 
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chromosomal segment introgression lines composed of Tx303 introgressions in a B73 
background (Szalma et al., 2007). TBBC family 42_10E (Chung et al., 2010b) was 
crossed with B73 and seed from 22 heterozygote F2 individuals was planted at 
Cornell’s Robert Musgrave Research Farm in Aurora, NY in 2009. A total of 3,328 
plants were screened for recombinants in 2009 and an additional 1,631 recombinants 
in 2011. Recombinants (n=1,239) were identified between snp_01_0031 and 
snp_01_0026, representing the flanking markers for q1.02 in 2009 and recombinants 
(n=230) were identified between snp_01_0067 and snp_01_0028 in 2011. 
Homozygous recombinants were evaluated for NLB, Stewart’s wilt and common rust 
at Aurora, NY in 2010, 2011, 2012, and 2013, respectively. 
 
Disease evaluations 
Northern leaf blight 
A single race 1 isolate, StNY001 (Chung et al., 2010a), collected in Freeville NY in 
1983, was used for all disease trials. For race testing, races 0, 1, 23, and 23N (Leonard 
et al., 1989) were used, represented by isolates St10a, StNY001, St86A, and St28A, 
respectively (Chung et al., 2010a). Race testing was conducted in the greenhouse at 
Cornell University in Ithaca, NY. Field NLB disease trials were carried out at 
Cornell’s Robert Musgrave Research Farm in Aurora, NY from 2009-2013. An 
incomplete block design was used for all fine-mapping trials. A complete block design 
was used for mutant analysis. Inoculations were conducted as previously described 
(Chung et al., 2010a). Briefly, both a spore suspension and solid inoculum were used 
to ensure infection in all weather conditions in the field, while only spore suspension 
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was used for greenhouse trials. For the spore suspension, S. turcica isolates were 
cultured on lactose-casein agar for two to three weeks at 25°C with a 12 hour/12 hour 
light/dark cycle. A spore suspension was prepared by flooding plates with 5 mL ddH20 
and using a glass rod to dislodge conidia. The resulting suspension was filtered 
through two layers of sterilized cheesecloth. Conidial concentration was adjusted to 
4x103 per mL using a haemocytometer, and the suspension was brought to a final 
concentration of 0.02% Tween 20. Spore suspension (0.5 mL) was introduced into the 
whorl of 5-6 leaf stage plants for both field and greenhouse inoculations. Field 
inoculations were supplemented with solid inoculum consisting of autoclaved 
sorghum grains cultured with S. turcica for 2-3 weeks at 25°C with a 12 hour 
light/dark cycle (Chung et al., 2010b).  
Plants in the field were scored for diseased leaf area (DLA) about 3-4 days 
after flowering and then two subsequent times, approximately 7 days after the 
previous scoring. Disease was scored on a row basis using a scale from 0-100 with 
single integer units, with 0 indicating no disease and 100 indicating complete disease. 
Using these three ratings, the area under the disease progress curve (AUDPC) was 
calculated (Chung et al., 2010b; Wilcoxson et al., 1974). For greenhouse trials, the 
percentage of leaf area that was necrotic from primary infections (PrimDLA) was 
scored with 1% increments. 
 
Stewart’s wilt 
Stewart’s wilt trials were carried out at Cornell’s Robert Musgrave Research Farm in 
Aurora, NY in 2010, 2011, and 2012. Inoculations were carried out as described by 
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Chung et al. (2010a). Briefly, nutrient broth was inoculated with a stock culture of 
Pantoea stewartii isolate PsNY003. Inoculum was prepared as previously described 
(Chung et al., 2010a). Prick inoculations were conducted on five- to six-leaf stage 
plants (Chung et al., 2010a). Disease was scored on a row basis at two to three weeks 
post inoculation using a scale from 0-100 with single integer intervals, with 0 
indicating a plant without any disease, and 100 indicating a completely diseased plant. 
 
Common rust 
Urediniospores of Puccinia sorghi were collected in Aurora, NY in 2007. Rust field 
trials were carried out at Cornell’s Robert Musgrave Research Farm in Aurora, NY in 
2010, 2011, and 2012. Rust inoculations were carried out as previously described 
(Chung et al., 2010a). Briefly, about one month before field inoculations, spores were 
increased by inoculating susceptible sweet corn seedlings at the 3-4 leaf stage in the 
greenhouse. About 200-300 mg of urediniospores were suspended in 100 mL of 
Sortrol oil (Chevron Phillips Chemical Company, Borger, TX, USA) and sprayed onto 
leaves using a spray gun. Plants were kept at >80% humidity overnight. 
Urediniospores were collected about 3 weeks later by agitating infected sweet corn 
leaves in water and filtering the spore suspension through four layers of cheesecloth. 
Field trials were inoculated with 1.0 mL of spore suspension (2.0x105 urediniospores 
in 0.02% Tween 20) in the whorl. Disease was scored on a per row basis three times, 
beginning 3 weeks after inoculation with ratings every 10 days. A scale of 0-9 with 0.5 
increments was used, where 0 indicated no disease and 9 indicated complete disease. 
The AUDPC was calculated, as previously described (Chung et al., 2010b). 
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Genotyping assays 
DNA extraction 
High-throughput DNA extractions were used to identify recombinants, and high-
quality CTAB DNA extractions were performed for all other applications. The high-
throughput extraction was performed using ExNAmp (Sigma-Aldrich, St. Louis, MO, 
USA). Leaf tissue (1 mm2) was plated into 0.2-mL PCR tubes, and 8 µl of extraction 
buffer was added to each sample. Samples were then incubated at 95°C for 10 
minutes, and 8 µl of dilution buffer was added to the samples. The DNA was diluted 
1:100 for KASPar genotyping assays.  
The high-quality CTAB extractions were performed as previously described 
(Chung et al., 2010a; Doyle and Dickson, 1987). Briefly, 0.1 mg of plant tissue was 
loaded in 96 well plates (Corning® Costar 96 Well Polypropylene Cluster Tubes) with 
a stainless steel grinding ball (OPS Diagnostics, Lebanon, NJ, USA) and frozen at -
80°C. Samples were pulverized using a Genogrinder 2000 and suspended in 500 µl of 
CTAB buffer [2% (w/v) hexadecyltrimethlyammoniµM bromide, 1.4 M NaCl, 100 
mM Tris-HCl (pH 8.0), 20 mM EDTA (pH 8.0), and 0.2% (v/v) of 2-mercaptoethanol 
added prior to use].  Plates were incubated at 60°C for 15 minutes, followed by an 
addition of 400-µl 24:1 chloroform:isoamyl alcohol. Plates were inverted 50-70 times 
and centrifuged at 5,200 rpm for 15 minutes. The aqueous layer was transferred to 
new tubes, and 300-µl isopropanol was added. Samples were stored at -20°C 
overnight. Samples were spun at 5,200 rpm for 12 minutes, washed with 300-µl 70% 
ethanol, centrifuged for 5 minutes at 5,200 rpm, decanted, and washed with 300-µl 
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100% ethanol. DNA pellets were suspended in 100-120 µl of TE buffer (10-mM Tris-
HCl, 1-mM EDTA, pH8.0). 
 
Marker development 
Single-nucleotide polymorphism (SNP) identification  
Three approaches were used to identify polymorphic markers between the inbred lines 
‘B73’ and ‘Tx303’. Available SNPs from the Maize Diversity Project were queried 
using the ‘Find Polymorphisms Between Two Inbred Lines’ search available at 
http://www.panzea.org (2009; Canaran et al., 2008). SNPs polymorphic between B73 
and Tx303 were selected from the following resources: the original NAM genetic map 
marker set (McMullen et al., 2009), the first-generation haplotype map of maize (Gore 
et al., 2009), and the second-generation haplotype map of maize (Chia et al., 2012). 
Further polymorphisms between B73 and TBBC_42 were identified using an Illumina 
MaizeSNP50 Beadchip (Illumina, San Diego, CA, USA) run at the David H. Murdock 
Research Institute, Kannapolis, NC, USA. DNA from TBBC 42_10E_02 and B73 was 
sent and an Excel file with names, positions, and nucleotide information for 
approximately 50,000 maize loci was returned for B73 and TBBC_42. The 
spreadsheet was queried for polymorphisms between B73 and TBBC_42, and the 
position of the Tx303 introgression was estimated from these data. 
 
SNP genotyping 
Competitive PCR was utilized to perform all SNP genotyping using KASPar (LGC 
Genomics, Beverly, MA, USA) as described by Jamann et al. (2014). All markers 
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used for this study can be found in Table 1. 
 
QTL mapping 
For NLB, best linear unbiased prediction (BLUPs) were calculated for each year by 
fitting a mixed model using the with AUDPC as an independent variable, and 
replication, block nested within replication and line as random factors using R (R Core 
Development Team, 2013). For both Stewart’s wilt and common rust, data for all three 
years were analyzed together using AUDPC or DLA as an independent variable, year, 
and replication nested within year, block nested within replication and year, and line 
as random factors using R (R Core Development Team, 2013). Since only one rating 
was completed for Stewart’s wilt, single ratings were substituted for AUDPC in the 
model. Missing genotypes were imputed based on the nearest flanking marker 
genotype. Lines with fewer than 15 markers and markers with fewer than 150 lines 
genotyped after imputation were removed from the analysis. BLUPs were then used 
for single marker regression using the qtl package in R (Broman et al., 2003). Analysis 
was completed on a per-year basis for NLB and a combined basis for Stewart’s wilt 
and common rust. 95% Bayes confidence intervals were calculated using R/qtl 
(Broman et al., 2003). 
 
Field trials 
Field trials were conducted at Cornell’s Robert Musgrave Farm in Aurora, NY. An 
incomplete block design was used for all fine-mapping trials. For NLB two, three, and 
three replications were used in 2010, 2011, and 2012, respectively. Three replications 
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were used for common rust and two for Stewart’s wilt. A complete block design was 
used for mutant trials with three replications. All greenhouse trials were conducted at 
Cornell University in Ithaca, NY. A complete block design was used for all 
greenhouse trials. 
 
Statistical analysis 
Statistical analyses for race testing and mutant analysis were conducted in JMP 9.0. A 
mixed model was constructed with phenotype (either AUDPC for field experiments or 
DLA for greenhouse experiments) as the response, and ‘replication’ as a random 
factor, and genotype as a fixed factor. A Student’s t test was performed to test for 
significant differences among lines.  
 
Identification of candidate genes 
Three criteria were used to develop a list of candidate genes after each season of fine-
mapping results. AGP_ V2 (Schnable et al., 2009) was consulted to find all annotated 
genes contained in the fine-mapping interval spanning from snp_01_0068 (24,225,835 
bp AGPv2) to snp_01_0070 (31,860,782 bp AGPv2) after the 2010 field season. This 
list was later refined to include the genes in the interval spanning from snp_01_0142 
(25,377,803 bp AGPv2) to snp_01_0145 (25,399,986 bp AGPv2) after the 2012 field 
season. All annotated genes from the working gene set were considered candidates. A 
further refined candidate gene list was developed after each season using the results of 
genome wide association mapping using the Goodman 282-line diversity panel 
(Wisser et al., 2011) as explained below.  
 105 
 
Association analysis 
NLB disease means for the Goodman diversity panel (Flint-Garcia et al., 2005), 
including population structure, were used for association analysis (Wisser et al., 
2011). Association analysis was performed using a Mixed Linear Model (MLM) (Yu 
et al., 2006) with kinship (K matrix) and genotypic information from Olukolu et al., 
(2013). All analyses were completed using TASSEL v4.0 (Bradbury et al., 2007).  
 
Sequence analysis of rik 
Total plant genomic DNA was isolated with a CTAB extraction procedure, as 
described above. A 16 µl reaction was preformed with 1x PCR buffer, 1 µM forward 
primer, 1 µM reverse primer, 1.5 mM MgCl2, dNTPs, 1-3 units TAQ, and 20-50 ng 
DNA. Primers were developed based on AGP_V2 using Primer 3 (Rozen and 
Skaletsky, 2000). rik was sequenced in B73 and Tx303. Table 2 provides primer 
sequences. Thermocycling procedures were as follows: 95°C for four minutes, 30 
cycles of 95°C for one minute, 61°C for one minute, 72°C for one minute, and one 
cycle of 72°C for 10 minutes. PCR products were purified with Exonuclease I and 
Antarctic Phosphatase (New England Biolabs, Ipswich, MA, USA) and sequenced at 
Cornell University’s Life Sciences Core Laboratories Center. Sanger sequencing was 
performed using BigDye Terminator Cycle Sequencing Kit (Applied Biosystems, 
Foster City, CA, USA) and resolved on an Applied Biosystems 3730x1 DNA 
Capillary Sequencer. Sequencing results were trimmed and aligned using 
DNASTAR’s SeqMan (Madison, WI). SNPs were extracted in TASSEL 3.0 using a 
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threshold of 0.01 (Bradbury et al., 2007). Association analyses, as outlined above, 
were completed in TASSEL. Linkage disequilibrium analysis was completed using the 
LDheatmap package (Shin et al., 2006) in R (R Core Development Team, 2013).  
 
Expression analysis 
Semi-quantitative PCR 
To test for expression differences for rik, two lines were selected, one carrying the 
B73 allele and one carrying the Tx303 allele, from a single family of F2 plants 
resulting from the crossing of B73 with TBBC family 42_10E. Plants were grown in 
the greenhouse for 29 days, at which time they were inoculated with a spore 
suspension of S. turcica isolate StNY001 and placed in a mist chamber overnight. 
Tissue samples were collected at 0, 12, 24, 48, and 72 hours post inoculation (hpi). 
Tissue (80 mg/sample) was collected and placed in liquid nitrogen. Frozen tissue was 
pulverized and total RNA was extracted using a Qiagen Plant Easy RNA Kit 
(Valencia, CA, USA). Invitrogen’s One Step RT-PCR Kit (Grand Island, NY, USA) 
was used for cDNA synthesis and PCR product amplification. Primers from Buckner 
et al., (2008) were used to amplify rik and ubiquitin. Thermocycling procedures were 
as follows: 55°C for 30 min, 94°C for 2 min, 35 cycles of 94°C for 15 sec, 65°C for 30 
sec, 68°C for 1 min, and one cycle of 68°C for 5 min. PCR products were separated on 
a 1.5% agarose gel and photographed.  
 
Real-time PCR 
RNA was extracted using a Qiagen Plant Easy RNA Kit (Valencia, CA, USA) and 
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cDNA was synthesized using Invitrogen SuperScript III First strand (Grand Island, 
NY, USA). TaqMan primers and probes were designed using Primer Express (Life 
Technologies, Grand Island, NY, USA) or selected from available validated assays 
from Life Technologies (Grand Island, NY, USA). Validated assays 
Zm04021391_m1, Zm04048055_g1, and Zm04040368_g1 were used for the 
chaperone, remorin, and ubiquitin control, respectively. Primers and probes for other 
genes tested are listed in Table 2. qRT-PCR was performed with TaqMan Gene 
Expression master mix using standard conditions (Life Technologies, Grand Island, 
NY, USA) and analyzed on a ViaA7 (Life Technologies), comparing expression of the 
four candidate genes to the ubiquitin. 
 
Mutant analysis 
Three UfMu lines (6505, 6509 and 7948) lines were tested for NLB phenotypes. F4 
plants were self-pollinated and F6 plants were evaluated in Aurora in 2013 for NLB. 
An adapted PCR protocol from Settles et al. (2004) was used to confirm the presence 
or absence of insertions. Two markers flanking the insertion were designed with 
Primer3 (Untergasser et al., 2012). Oligonucleotides were obtained from IDT. The 
primers are shown in Table 2. Each reaction contained 100 ng CTAB DNA, 20 mM 
Tris±HCl pH 8.4, 50 mM KCl, 2 mM MgCl2, 5% DMSO, 200 mM of each dNTP, 1 
mM gene-specific primer, 100 nM TIR6 primer and 1 U of Taq polymerase. 
Thermocycling conditions were as follows: 94°C for 1 minute; 8-10 cycles of 94°C for 
25 seconds, 62°C for 30 seconds, and 72°C for 1 minute; 27 cycles of 94°C for 25 
seconds, 56°C for 30 seconds, and 72°C for 1 minute; and 72°C for 5 minutes. 
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Products were then run and visualized on an agarose gel. 
 
 
Results 
Mapping of qNLB1.02 
The Tx303 introgression in TBBC family 42_10E_02 was found to span from 6.1 
(SYN6315) to 33.0 Mb (PUT-163a-18162870-1232) on chromosome 1 based on the 
Illumina MaizeSNP50 chip. This interval, however, was too large to begin a fine 
mapping study, so a narrowed region was selected. Previous studies showed that there 
was a QTL for NLB resistance at 1.01/1.02 (Chung et al., 2010b), based on the 
TBBC3 set of near-isogenic lines, and that there was a QTL in the nested association 
mapping population at PZB00718.5 (chr1: 17,666,998 bp on AGPv2) (Poland et al., 
2011). In both of these studies, B73 was found to be the resistance donor. Based on 
these previous studies and the QTL mapping, the fine mapping region was selected 
and markers were developed. The selected flanking markers, snp_01_0031 and 
snp_01_0026, delimited the 14-Mb fine mapping interval, spanning from 16-30 Mb on 
chromosome 1. 
 
High-resolution mapping of qNLB1.02 
A mapping population of 4,959 plants was screened for recombinants. Using 
snp_01_0026 and snp_01_0031, recombinants (n=1,239) were identified in 2009. A 
total of 244 fixed lines were evaluated in 2010. An additional 1,631 plants were 
screened for recombinants in 2011 using snp_01_0068 and snp_01_0028, which led to 
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the identification of 230 recombinants. The final screening of recombinants in 2012 
included those identified from both screenings. The NLB region was narrowed to 
snp_01_0068 and snp_01_0070 in 2010 and in 2012 the main QTL was narrowed to 
an interval delimited by snp_01_0142 and snp_01_0145 (Figure 1). Two distinct QTL 
were mapped for NLB in 2012, confirming that there are two QTL in the region, as 
indicated by ICIM (Poland et al., 2011).  
 
Broad-spectrum disease resistance conditioned by q1.02B73 
It was previously shown that qNLB1.02B73 was also effective against Stewart’s wilt 
and common rust (Chung et al., 2010b). To determine the genetic relationship for 
multiple disease resistance at 1.02, the fine mapping population was evaluated for 
Stewart’s wilt and common rust. Only 2010 and 2011 data were used for rust, as 2012 
had insufficient disease pressure. The region comprising qStw1.02 and qRust1.02 was 
narrowed to 5.26 Mb (19,679,687-24,940,817 bp AGPv2) and 2.56 Mb (22,379,568-
24,940,817 bp AGPv2), respectively, as shown in Figure 2. 
To determine the specificity of the resistance conditioned by qNLB1.02, 
multiple races of S. turcica were tested for their interaction with qNLB1.02. When 
challenged with races 0, 1, 23, and 23N, this locus showed broad-spectrum resistance 
to NLB with respect to these races, as shown in Figure 3.  
 
2010 Candidate genes underlying qNLB1.02B73 
qNLB1.02 encompassed a 7.65 Mb region after the 2010 season. To refine the list of 
candidate genes, genome-wide association mapping and genome-wide nested 
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association mapping results were examined (Poland et al., 2011; Wisser et al., 2011). 
One candidate emerged from the Goodman panel association mapping: rough sheath2-
Interacting KH protein (Thoene-Reineke et al., 2011) at 26.3 Mb. A SNP in rik, 
PZB01957.3, was already shown to be significant across the diversity panel (p-value 
6.34E-05) (Kolkman, personal communication) and fell within the narrowed fine 
mapping region. Based upon the fine-mapping evidence and association mapping, rik 
was considered a strong candidate and investigated further. 
 
rik: a refuted candidate and a case of an evolving analysis 
rik was considered as a candidate gene for NLB due to a significant association based 
on an earlier association analysis and from the fine-mapping results obtained in 2010. 
The gene was re-sequenced for association analysis and its expression was assayed. 
Semi-quantitative reverse-transcription PCR showed that rik was up-regulated within 
the first 12 hours of pathogen introduction and continually up-regulated through 72 
hours post-inoculation. Both the B73 and the Tx303 allele showed up-regulation in 
response to infection by S. turcica, as shown in Figure 4B. We re-sequenced rik in 
B73 and Tx303, because the original significant diversity panel SNP was not 
polymorphic between B73 and Tx303. We assayed the polymorphisms across the 
diversity panel. On average, LD broke down within 1 kb in the sequenced part of the 
gene, but longer range LD could be found within the gene. However, using an updated 
kinship matrix (Olukolu et al., 2013), none of the polymorphisms in rik were 
significant, as shown in Figure 4A. While subsequent fine-mapping results ruled rik 
out as a candidate (Figure 1), the gene may still be involved in the disease response, as 
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indicated by the expression results. 
 
Fine-mapping 2012 
We focused on the main QTL at 25 Mb in 2012 to find underlying candidate genes. 
We delimited the region in 2012 to snp_01_0129 to snp_01_0028 and calculated the 
confidence interval of the QTL to span from snp_01_0142 to snp_01_145. Six 
annotated genes were identified in this 22-kb interval, including a putative 
pentricopeptide (GRMZM2G107805), a putative chaperonin (GRMZM2G069765), 
and three uncharacterized genes (GRMZM2G070442, GRMZM2G107727, and 
GRMZM2G523621), and a putative remorin (GRMZM2G107774). Two genes, an 
uncharacterized gene and a putative pentricopeptide were partially within the interval. 
A small gap of less than 1 kb in the reference sequence in the 22 kb segment was 
sequenced using the primers listed in Table 2 in Tx303 and B73. Two of the 
uncharacterized genes spanned the gap in the reference. Based on EST data and 
comparative genomics, these two uncharacterized genes spanning the reference gap 
shared homology with Setaria italica gene SI034979M.G, which has an F-box 
domain. 
 
Expression analysis of fine-mapping candidate genes 
We tested the expression of the genes within the narrowed fine-mapping interval in 
2012, as shown in Figure 5. We found that the uncharacterized gene had very low 
expression and transcript levels did not significantly differ between the alleles or 
between pathogen-inoculated and mock-inoculated samples. The chaperonin gene was 
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expressed but did not show differential expression. However, we found both the 
putative F-box and putative remorin genes were expressed more highly in the resistant 
NIL carrying the B73 allele in both mock and inoculated plants with, 71-fold and 7-
fold increased expression, respectively. No significant difference was found in mock- 
and pathogen-inoculated samples. 
 
Mutant analysis  
Three UniformMu lines with insertions in the candidate genes identified based on the 
2012 fine-mapping interval were selected: one with an insertion in the chaperonin, one 
with an insertion in the remorin, and one with an insertion downstream of the remorin. 
UfMu-06509, with an insertion in the putative remorin gene, was found to be 
significantly more susceptible to NLB compared to W22, the background line of the 
mutant, as shown in Figure 6. The other two lines tested did not have homozygous 
mutant lines to make a comparison. We were unable to characterize a UniformMu line 
for rik, because three attempts to increase seed were unsuccessful. 
 
Discussion 
Despite its utility, the genetic and mechanistic bases of quantitative and multiple 
disease resistances are not well understood. In this case, we examined genomic 
regions associated with resistance to one biotrophic and two hemibiotrophic 
pathogens. Genes associated with resistance against these pathogens appear to be 
linked, although pleiotropy cannot be excluded for the common rust and Stewart’s wilt 
resistance QTL. Interestingly, common rust and Stewart’s wilt are caused by a fungus 
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and a bacterium, respectively. While the confidence intervals for the fine-mapping 
intervals for common rust and Stewart’s wilt overlapped, the most significant marker 
for each disease was different. We were therefore unable to distinguish linkage from 
pleiotropy in this case, although the QTL peak profiles suggest tight linkage. The 
finding that resistance to one disease separates from the other two is consistent with 
other findings that pleiotropy between traits is rare in maize (Wallace et al., 2014). 
One notable exception, however, is disease resistance (Wisser et al., 2011), including 
potentially resistance to common rust and Stewart’s wilt at this locus. This would 
indicate that both pathogens are targeting a common plant protein or the plant is 
exploiting a common microbial weakness. 
We identified multiple QTL within the fine-mapping region for NLB. These 
findings suggest that quantitative disease resistance is even more complex than 
previously thought. While it was known that there are many QTL dispersed across the 
genome, with 29 QTL being identified in the NAM for NLB, each of these QTL likely 
is composed of multiple sub-QTL. Others have observed this phenomenon with 
disease resistance in other species (den Boer et al., 2013; Johnson et al., 2012), as well 
as other traits in maize such as domestication (Studer and Doebley, 2011). Precise 
phenotyping is needed to distinguish effects when a QTL with a moderate effect is 
broken into multiple small-effect QTL.  
Association mapping initially identified rik as a candidate gene for NLB 
resistance. rik was within the confidence interval for the 2010 NLB fine-mapping. 
This was a strong candidate, as RIK interacts with RS2, the maize homolog of AS1. 
AS1 has been described as a multiple disease resistance gene (Nurmberg et al., 2007). 
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Additionally, rik is up-regulated upon infection with S. turcica, further suggesting a 
role for the gene in the interaction between maize and S. turcica. An updated kinship 
matrix with more complete genotypic information and subsequent fine-mapping ruled 
rik out as a candidate gene for the fine-mapping QTL. While this gene does not 
underlie this QTL, it might still play a role in other populations. 
According to the joint linkage mapping in the NAM, Tx303 has a rare 
susceptible allele, while other inbred lines carry alleles more resistant than B73, 
suggesting an allelic series at 1.02 (Poland et al., 2011). The discovery of multiple 
QTL at this region suggests that lines with resistance QTL at 1.02 may have a novel 
allele at one of the sub-QTL or distinct QTL. The fine-mapping interval does not 
overlap with the joint linkage mapping QTL from the NAM (Poland et al., 2011), 
consistent with the hypothesis of multiple QTL at the region and supporting the 
interpretation that Tx303 has a rare allele.  
We focused upon the QTL with the highest significance from 2010 and 2012 to 
identify candidate genes. The position of this QTL was confirmed in 2013. Among the 
candidate genes, the putative remorin and F-box gene have a previously described role 
in plant defense (Kim and Delaney, 2002; Lefebvre et al., 2010; Raffaele et al., 2009; 
Xie et al., 1998). Expression of the F-box gene and the remorin were higher in the 
resistant line, but no significant differences were found in response to S. turcica. This 
suggests that structural differences in these genes might underlie this QTL.  
We tested UniformMu lines with insertions in or near the remorin, and the 
chaperonin and found that the remorin mutant was significantly more susceptible than 
the corresponding line with the wild-type allele. Previously, remorins have been 
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shown to prevent cell-to-cell movement of PVX (Raffaele et al., 2009), which is 
consistent with the role of this QTL in preventing entrance to the vasculature (Chung 
et al., 2010b). Remorins have been shown to physically interact with a viral movement 
protein and receptor-like kinases. Two other UniformMu lines, one with an insertion 
downstream of the remorin and one with an insertion in the chaperonin, were 
increased and their NLB reaction tested, but no homozygous mutant lines were 
identified. The remorin and F-box gene may compliment each other in function. There 
is evidence that remorin proteins act as scaffold proteins that can act in signal 
transduction (Jarsch et al., 2011), in which F-box proteins play a role (Craig and Tyers 
1999). The involvement of multiple genes may increase durability and contribute to 
the race non-specific interaction that we observed. Further evaluation of mutant and 
transgenic lines are needed to definitively show a role for multiple genes. 
The first step in understanding QDR is identifying the genes involved. Using 
fine-mapping, association mapping, expression analysis and mutant analysis, we show 
that this QTL is likely controlled by multiple genes, and demonstrate a role for a 
putative remorin in disease resistance. In this case multiple disease resistance appears 
to be due to linkage, although there may be a role for pleiotropy for resistance to 
Stewart’s wilt and common rust. 
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Figure 1. NLB fine-mapping breakpoint analysis. Breakpoint analysis for NLB for 
three years with NLB genotypes and phenotypes of recombinants tested in 2013 for 
narrowed region. Genotypes for the fine-mapping region from 2013 are on the left and 
NLB AUDPC phenotypes on the right. B73 genotypes are shown in white and Tx303 
in black.  
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Figure 2. Multiple disease resistance fine-mapping. Breakpoint analysis for NLB 
(year 2012), Stewart’s wilt and common rust.   
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Figure 3. Race testing for qNLB1.02. The QTL provides broad-spectrum resistance 
with respect to the races tested. The B73 allele provides resistance for all races tested. 
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Figure 4. Association and expression analysis for rik. A.) Association analysis for 
the introgression region using the Goodman diversity panel showing no significant 
polymorphisms (Flint-Garcia et al., 2005, Wisser et al., 2011). B.) Expression analysis 
of rik showing up-regulation in both NILs after infection. 
  
A 
B 
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Figure 5. Expression analysis for positional candidates. Expression results for 2012 
positional candidates. Expression of the putative F-box gene and the putative remorin 
were 71- and 6-fold higher, respectively, in the resistant NIL with a B73 allele at 1.02. 
No significant differences were found between uninoculated and inoculated samples.   
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Figure 6. Mutant analysis for the putative remorin. The homozygous remorin 
UniformMu mutant lines are significantly more susceptible than the homozygous 
wild-type lines. Note: the line with a wild-type allele was W22, not wild-type 
segregants from the family. 
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Table 1. Fine-mapping markers. KASPar markers used for fine-mapping study. Physical positions are based on AGP_V2. 
Marker id Locus name Position Forward primer 1 Forward primer 2 Reverse primer 
snp_01_0153 PZA02372.1 6,220,547 
GAAGGTGACCAAGTTC
ATGCTTGTGCAGGCGA
TGCTGGTCA 
GAAGGTCGGAGT
CAACGGATTTGTG
CAGGCGATGCTG
GTCG 
TACAGGGGCAGGTC
GGAGGA  
snp_01_0154 PZA03093.10 8,075,572 
GAAGGTGACCAAGTTC
ATGCTGCGGGAGCATT
GATAGGCTTC  
GAAGGTCGGAGT
CAACGGATTGCG
GGAGCATTGATA
GGCTTG  
GACGCGGACAAGTT
CGTTGAGT  
snp_01_0155 AY105791 8,510,027 
GAAGGTGACCAAGTTC
ATGCTCAGCAGGAAGC
TGCTGAGGAA  
GAAGGTCGGAGT
CAACGGATTCAG
CAGGAAGCTGCT
GAGGAT  
GGGCACCGCCATGT
CCCT  
snp_01_0156 PZA00731.7 9,300,541 
GAAGGTGACCAAGTTC
ATGCTGTGGAGGTCAG
AAACAAAGAGTC  
GAAGGTCGGAGT
CAACGGATTAGT
GGAGGTCAGAAA
CAAAGAGTT  
ATGAGCATCAACAG
CACTGAA  
snp_01_0063 ss196517836 15,071,288 
GAAGGTGACCAAGTTC
ATGCTCAAGGGCTTCA
AGAACTTGCCCA 
GAAGGTCGGAGT
CAACGGATTAAG
GGCTTCAAGAAC
TTGCCCC 
TTACGAGGAGCACG
GACGGCAT 
snp_01_0031 PZA02393.2 16,581,396 
GAAGGTGACCAAGTTC
ATGCTCATCTCCATATG
AATGAGTGCATC 
GAAGGTCGGAGT
CAACGGATTCATC
TCCATATGAATGA
GTGCATT 
CCGTAGAAAAAAAT
GTGGAAAAACAAYG
AA 
snp_01_0065 ss196517546 17,746,383 
GAAGGTGACCAAGTTC
ATGCTAAGAGGTGCCA
GAGCGAGTGT 
GAAGGTCGGAGT
CAACGGATTGAG
GTGCCAGAGCGA
GTGC 
GTCATTACATGAGG
TTTGAGGAGAGTTT 
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snp_01_0066 ss196516974 18,444,560 
GAAGGTGACCAAGTTC
ATGCTAATTGAACAAG
CCATACGGGAAGATA 
GAAGGTCGGAGT
CAACGGATTGAA
CAAGCCATACGG
GAAGATG 
GGTCATGCTAGTTT
GTGGTTGACGAT 
snp_01_0067 ss196523722 19,679,687 
GAAGGTGACCAAGTTC
ATGCTAGCTAGCTCCTC
GGGAAGAGA 
GAAGGTCGGAGT
CAACGGATTGCT
AGCTCCTCGGGA
AGAGG 
GCGCCGGCCTGTGC
CTGTT 
snp_01_0071 ss228815856 20,110,551 
GAAGGTGACCAAGTTC
ATGCTATGCCGGGGTTT
CGGGAGG 
GAAGGTCGGAGT
CAACGGATTCAT
GCCGGGGTTTCG
GGAGA 
CGCGGCCGAACCGG
CGAA 
snp_01_0029 chr1|21461479 21,472,299 
GAAGGTGACCAAGTTC
ATGCTGCTGTTTCGCAT
TTGATTCGAC 
GAAGGTCGGAGT
CAACGGATTGCT
GCTGTTTCGCATT
TGATTCGAT 
TGAACAAGCTATCA
GCGCCGGTTA 
snp_01_0030 chr1|21514247 21,525,088 
GAAGGTGACCAAGTTC
ATGCTGTCGCTAAAAC
CTGACCAGGG 
GAAGGTCGGAGT
CAACGGATTGTC
GCTAAAACCTGA
CCAGGA 
CTCGTCTGTGCGCA
GCGGCA 
snp_01_0072 ss196507791 22,379,568 
GAAGGTGACCAAGTTC
ATGCTTCTATTCTGGTC
AATCTTTGCA 
GAAGGTCGGAGT
CAACGGATTGCTT
CTATTCTGGTCAA
TCTTTGCC 
CATTTTCTAACAATC
GAGTCCACAACCTT 
snp_01_0033 PZA02487.1 22,595,964 
GAAGGTGACCAAGTTC
ATGCTCCAAAATGTGA
AGAACTTCCAAAAGGT
T 
GAAGGTCGGAGT
CAACGGATTCAA
AATGTGAAGAAC
TTCCAAAAGGTC 
ACCCATCTGCTGGC
GAATAGTAGTT 
snp_01_0068 ss196526861 24,225,835 
GAAGGTGACCAAGTTC
ATGCTTGTTCTTGCCAC
GAAGGTCGGAGT
CAACGGATTGTTC
AGAACGTAGTACGT
AGAGTTACACTACT
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AAACGGTACTTTTT TTGCCACAAACG
GTACTTTTG 
T 
snp_01_0073 PZA02921.4 24,940,817 
GAAGGTGACCAAGTTC
ATGCTATGATCTTGCTA
CTCAGGTGCATC 
GAAGGTCGGAGT
CAACGGATTATG
ATCTTGCTACTCA
GGTGCATG 
GCTGCATTCTGCCA
AAGTGTTAAGATAA
T 
snp_01_0129 ss228821000 25,156,553 
GAAGGTGACCAAGTTC
ATGCTACCTTCGTTAGT
TCTAGTTGTATAAGG 
GAAGGTCGGAGT
CAACGGATTACCT
TCGTTAGTTCTAG
TTGTATAAGT 
CCAAAGGCTTTTGC
AGCAATCTCGAA 
snp_01_0131 ss228821166 25,370,872 
GAAGGTGACCAAGTTC
ATGCTGGGGCCCGAGG
TGGGA 
GAAGGTCGGAGT
CAACGGATTGGG
GCCCGAGGTGGG
G 
GGTTTCGCGCCCGT
GCGCTA 
snp_01_0140 ss228821181 25,371,937 
GAAGGTGACCAAGTTC
ATGCTACGCAACAGAT
GGAAAATCACATAAG 
GAAGGTCGGAGT
CAACGGATTACG
CAACAGATGGAA
AATCACATAAC 
CATGCCTTATTGCTT
TTGCAGTGTTTGTT 
snp_01_0141 ss228821208 25,374,304 
GAAGGTGACCAAGTTC
ATGCTCGTCACTGCAA
CTTTCGGCAGT 
GAAGGTCGGAGT
CAACGGATTGTC
ACTGCAACTTTCG
GCAGC 
GCCTAACATTTACT
GCAGCGTGCAT 
snp_01_0142 ss228821319 25,377,803 
GAAGGTGACCAAGTTC
ATGCTCGGCGTCGTAG
TCTCCGTAG 
GAAGGTCGGAGT
CAACGGATTCGG
CGTCGTAGTCTCC
GTAC 
CTCACATGAGCCAC
AACAAGCAGTA 
snp_01_0143 ss228821373 25,387,185 
GAAGGTGACCAAGTTC
ATGCTAGTTGAACCATT
TGTCTGCTCATGC 
GAAGGTCGGAGT
CAACGGATTAGTT
GAACCATTTGTCT
GCTCATGA 
CAGTCAAACTGCAG
CCTTCATCAAAAAT
AA 
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snp_01_0145 ss228821424 25,399,986 
GAAGGTGACCAAGTTC
ATGCTGCAGCACATTG
CTACGG 
GAAGGTCGGAGT
CAACGGATTCAT
GCTGCAGCACATT
GCTACGA 
GCCTTTCACGAGGC
TGGTCCTA 
snp_01_0074 ss196505525 25,411,250 
GAAGGTGACCAAGTTC
ATGCTGAGAAGTGCAA
CTACAATCAGTGC 
GAAGGTCGGAGT
CAACGGATTGGA
GAAGTGCAACTA
CAATCAGTGT 
GGAAAACAAACATA
AAGCATATACCAGA
TT 
snp_01_0146 ss228821481 25,414,726 
GAAGGTGACCAAGTTC
ATGCTCACCAACATCC
ATCGCCTTCG 
GAAGGTCGGAGT
CAACGGATTGCA
CCAACATCCATCG
CCTTCA 
CAAGAACAAGCCTT
GGCCTCAAACTT 
snp_01_0147 ss228821512 25,416,567 
GAAGGTGACCAAGTTC
ATGCTGAGTATTGAAT
CAAGGTTTCCTTTTAAG
AT 
GAAGGTCGGAGT
CAACGGATTGAG
TATTGAATCAAG
GTTTCCTTTTAAG
AA 
GGTATTTTTGCATGC
AGAATTTGTACTGT
A 
snp_01_0150 ss228821595 25,434,036 
GAAGGTGACCAAGTTC
ATGCTGTCACCAAATC
ACGTGATTGGCT 
GAAGGTCGGAGT
CAACGGATTGTC
ACCAAATCACGT
GATTGGCC 
CCGGTGCCTCCCAG
AAAAGGAA 
snp_01_0151 ss228821616 25,451,415 
GAAGGTGACCAAGTTC
ATGCTAGAAAATGTTC
AGCAGCACCCATGT 
GAAGGTCGGAGT
CAACGGATTAGA
AAATGTTCAGCA
GCACCCATGA 
GGAACACAAACTCA
GCATGCACCAA 
snp_01_0152 ss228821639 25,452,796 
GAAGGTGACCAAGTTC
ATGCTGATAAACCGAT
CGACTAGTCACC 
GAAGGTCGGAGT
CAACGGATTCGA
TAAACCGATCGA
CTAGTCACT 
CGTCTAGGCCCCGG
TGACTATT 
snp_01_0132 ss228821641 25,452,934 GAAGGTGACCAAGTTC GAAGGTCGGAGT GAAAACCACTCCTA
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ATGCTGTATAGAGCTA
TTGGGCCTTATGG 
CAACGGATTGTAT
AGAGCTATTGGG
CCTTATGA 
AATGGACCGGTT 
snp_01_0128 ss228821609 25,624,562 
GAAGGTGACCAAGTTC
ATGCTGAGCATCCTTGC
TGCAATGCC 
GAAGGTCGGAGT
CAACGGATTCGA
GCATCCTTGCTGC
AATGCT 
CATCGACATGGATA
TCGCCATGTCAA 
snp_01_0069 ss196501159 26,197,833 
GAAGGTGACCAAGTTC
ATGCTAGGAAGAAGAG
GAAGTGGGATCAA 
GAAGGTCGGAGT
CAACGGATTGGA
AGAAGAGGAAGT
GGGATCAG 
GTCACCGCCGCGGA
GACCAA 
snp_01_0105 Rik4080 26,199,729 
GAAGGTGACCAAGTTC
ATGCTATCGGTCCCTTT
CTCCTCTAGC 
GAAGGTCGGAGT
CAACGGATTATAT
CGGTCCCTTTCTC
CTCTAGT 
GGTAAATTTGCTCA
TGCTACGGAGATA 
snp_01_0106 Rik5245 26,200,894 
GAAGGTGACCAAGTTC
ATGCTGGTGTCGACAC
CTCAGGAACA 
GAAGGTCGGAGT
CAACGGATTGGT
GTCGACACCTCA
GGAACG 
TAACACATTGGGCC
CTACAATATAGTGA
A 
snp_01_0107 Rik5416 26,201,065 
GAAGGTGACCAAGTTC
ATGCTCAGTAACATGG
CCTATCCTATTCCA 
GAAGGTCGGAGT
CAACGGATTAGT
AACATGGCCTATC
CTATTCCC 
GGATAAATGTCCCC
ATAACCACTGTAAA
A 
snp_01_0108 Rik7293 26,202,942 
GAAGGTGACCAAGTTC
ATGCTGGATCAAATGG
AATGCTTCCGC 
GAAGGTCGGAGT
CAACGGATTGGA
TCAAATGGAATG
CTTCCGG 
AGTGGATATAGAGA
GATGTGATGGCATA
T 
snp_01_0109 Rik7294 26,202,942 
GAAGGTGACCAAGTTC
ATGCTGTGATGGCATA
TCCGCTTCTTCTT 
GAAGGTCGGAGT
CAACGGATTGAT
GGCATATCCGCTT
CCGAAGAAAGTTCA
CCCTGGATCAA 
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CTTCTG 
snp_01_0032 PZB01957.1 26,202,944 
GAAGGTGACCAAGTTC
ATGCTGTGATGGCATA
TCCGCTTCTTCTT 
GAAGGTCGGAGT
CAACGGATTGAT
GGCATATCCGCTT
CTTCTG 
CTCCGAAGAAAGTT
CACCCTGGAT 
snp_01_0110 Rik7724 26,203,373 
GAAGGTGACCAAGTTC
ATGCTATTATGGAGAT
GACGACGATGACGA 
GAAGGTCGGAGT
CAACGGATTATG
GAGATGACGACG
ATGACGG 
TGAACCAGGAGTTG
GATTGCCCTTA 
snp_01_0111 Rik7748 26,203,397 
GAAGGTGACCAAGTTC
ATGCTGGAGTTGGATT
GCCCTTAGGTG 
GAAGGTCGGAGT
CAACGGATTAGG
AGTTGGATTGCCC
TTAGGTA 
GAGATGACGACGAT
GACGRCGATA 
snp_01_0112 Rik7965 26,203,614 
GAAGGTGACCAAGTTC
ATGCTTCTTTGAACTTG
TATTCATTCTGGCC 
GAAGGTCGGAGT
CAACGGATTCTTT
GAACTTGTATTCA
TTCTGGCG 
TCGTATCTGAACCA
AAACAACAAACGGT
T 
snp_01_0113 Rik8057 26,203,706 
GAAGGTGACCAAGTTC
ATGCTTGGTTGCTGAAC
TCGTAGCATTTTAA 
GAAGGTCGGAGT
CAACGGATTGGTT
GCTGAACTCGTA
GCATTTTAT 
ATAGGCTCTAACAA
TTAYATAATACCGA
CA 
snp_01_0114 Rik8070 26,203,719 
GAAGGTGACCAAGTTC
ATGCTGATACAAAATT
GACATAGGCTCTAACA
ATTAT 
GAAGGTCGGAGT
CAACGGATTACA
AAATTGACATAG
GCTCTAACAATTA
C 
CGTTGGTTGCTGAA
CTCGTAGCATT 
snp_01_0075 PZA03004.2 26,435,043 
GAAGGTGACCAAGTTC
ATGCTGAACACATGGG
GCCTTGTA 
GAAGGTCGGAGT
CAACGGATTCTG
AACACATGGGGC
CTTGTG 
GGGAATAGCATCAA
RGCCTCAAGGT 
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snp_01_0076 ss196526176 26,911,913 
GAAGGTGACCAAGTTC
ATGCTCGGGTGCACAA
GAATTTCATCTATCA 
GAAGGTCGGAGT
CAACGGATTGGG
TGCACAAGAATTT
CATCTATCG 
CTTTCTGTATATGTG
TATGCACACAGACA
A 
snp_01_0028 chr1|27735302 27,630,429 
GAAGGTGACCAAGTTC
ATGCTCCGCCACTTGAC
AGCAAAAAGAATT 
GAAGGTCGGAGT
CAACGGATTCGC
CACTTGACAGCA
AAAAGAATC 
CCATGCAGTCTTTG
CAGAATTAGGCAT 
snp_01_0027 chr1|28209839 28,067,592 
GAAGGTGACCAAGTTC
ATGCTACGTAGTAACT
AATCACGTCTTTATTCT
A 
GAAGGTCGGAGT
CAACGGATTCGT
AGTAACTAATCA
CGTCTTTATTCTG 
GAATTAACGAGGGT
GTTTGGAACCTATA
T 
snp_01_0034 PZB02058.1 28,421,841 
GAAGGTGACCAAGTTC
ATGCTCATCAAGTTCA
AAAGGAGGGCAG 
GAAGGTCGGAGT
CAACGGATTGCA
TCAAGTTCAAAA
GGAGGGCAA 
TAAGCACACATTCC
ACCTGATGTGAAAT
T 
snp_01_0026 chr1|29925693 29,820,814 
GAAGGTGACCAAGTTC
ATGCTCGGTGAGTGCG
TGTGCGTAT 
GAAGGTCGGAGT
CAACGGATTCGG
TGAGTGCGTGTGC
GTAC 
AGAGGAAGATGGTG
CACCGGCA 
snp_01_0025 chr1|29961168 29,856,293 
GAAGGTGACCAAGTTC
ATGCTGGAGATTAGAG
AGAGGAGAACGT 
GAAGGTCGGAGT
CAACGGATTGGA
GATTAGAGAGAG
GAGAACGC 
CGAGCTCGGCCGTT
GGCCAT 
snp_01_0070 ss196528084 31,860,782 
GAAGGTGACCAAGTTC
ATGCTAGAACAAGCTC
CTTCATTCTACTAGT 
GAAGGTCGGAGT
CAACGGATTGAA
CAAGCTCCTTCAT
TCTACTAGC 
GAGGAAGTCGAAAA
GCTAACTGTACAAA
A 
snp_01_0035 PZA01455.1 34,317,549 
GAAGGTGACCAAGTTC
ATGCTGTTGAGGTCGA
GAAGGTCGGAGT
CAACGGATTGTTG
GGAGCACAAAAACA
AAAGCAACACGAAT
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GGTGACCA AGGTCGAGGTGA
CCG 
A 
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Table 2. Primers. qPCR, mutant analysis, and sequencing primers. 
Name 
Gene/ 
insertion Forward primer Reverse primer Probe 
GRMZM2G0
70442_487 
GRMZM2G
070442 
GGTCCTGCAAG
AGGAACTACAA
G 
CGGGTAGAT
CACGTCGTT
CTC 
CGGGTA
CGTGTG
GAAC 
GRMZM2G5
23621_54 
GRMZM2G
523621 
ACGCGAAGAG
GAGGCTGAT 
TGCGGCTGA
GGAGCTTTG 
AGGATG
TGAGGA
TGCG 
mut_01_0019 mu1051418 
CTTGACACTAC
TGGGCCGAT 
TGGCCGACG
CGAATAGTA
AC - 
mut_01_0022 mu1046469 
TGTTTACACTA
CCTGGCCCCT 
GCAGGGTTC
GGTTTTCTG
GA - 
mut_01_0023 mu1058569 
ACGGATCAGAC
AGGATTGAGC 
CGGCCCATC
CGCGAATA
ATA - 
TIR6 - 
AGAGAAGCCAACGCCAWCGC
CTCYATTTCGTC - 
seq_01_0001 rik 
AACTACCGGTT
TCGAAGGGCCC
A 
CCACAGCCA
ATGCAAACT
CCGATTT - 
seq_01_0002 rik 
AGTTGGATTGT
CAGATTGGCAT
CAT 
GGGTGGTG
GTAGCATCT
TAGTGGA - 
seq_01_0003 rik 
ATGCTTCCGCA
AGAAGAAGCG
GA 
AGCAATGTC
GTGACCTTA
GGCTG - 
seq_01_0004 rik 
TCGACGTTGGT
TGCTGAACTC 
TCTTGCCAT
GTCGATTCT
TGACTC - 
seq_01_0005 rik 
ACATTCAGTGG
AAGCTCCAAGC
A 
TGCACCAAG
GCAGCAAG
CAT - 
seq_01_0006 rik 
TCTTCACATTC
AGTGGAAGCTC
CA 
TCGCCGTCA
TCGTCGTCA
TC - 
seq_01_0007 rik 
AACGTGCTCGA
TCGTTCGTTCT
CT 
TCCACAGTA
CCTCTCGGA
GCCAA - 
seq_01_0008 rik 
GTTCCGTATTC
ATTGCCGCCCC
A 
GCCTCCCTG
GCCCCCTGT
TTAAT - 
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seq_01_0009 rik 
GGGCCAGGGA
GGCTAGAAAG
GAA 
TGAGGCACT
AAAAGGAC
GAACAGCC - 
seq_01_0010 rik 
CTGCTGAGCGC
ATTAAGGCAGT 
CCAAGAAG
GTGACAATG
CGGATGC - 
seq_01_0011 rik 
ACCTTTGCATC
CGCATTGTCAC
C 
ACAGGGAA
GGAAGGGG
TTGCCA - 
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CHAPTER 4 
 
TESTING THE HYPOTHESIS: VALIDATION OF ASSOCIATION MAPPING 
FOR NORTHERN LEAF BLIGHT IN MAIZE4 
Abstract 
Genome-wide association studies (GWAS) detect significant genotype-phenotype 
relationships, which can be used to identify candidate genes. These candidate genes 
must be subsequently validated. We utilized nested association mapping (NAM) in 
maize to identify genes putatively associated with disease resistance. The NAM 
population consists of 5,000 recombinant inbred lines derived from 25 founder lines  
(Yu et al., 2008). The GWAS using northern leaf blight (NLB) phenotypes and 
HapMap2 genotypes on the NAM (NLB; Poland et al., 2011, Chia et al., 2012) served 
as a basis for an extensive list of candidate genes. To determine the proportion of 
significant associations that could be confirmed through mutant phenotypes, we 
inoculated mutant maize lines corresponding to >100 genes identified by GWAS and 
measured their quantitative NLB phenotypes.  Lines were identified from the 
UniformMu project that carried insertions within or adjacent to the GWAS-based 
candidate genes (Settles et al., 2007; McCarty et al., 2013). We phenotyped 123 
UniformMu families to find lines with significant differences in disease phenotype. 
Among them, approximately 10% of the families showed significant differences in 
disease phenotypes. Most of the significant lines were selected for insertions in genes 
within joint linkage mapping QTL. Approximately 75% of those significant lines 
                                                
4 Tiffany Jamann, Xingyu Luo, Rebecca Nelson 
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corresponded to genes within joint linkage mapping NLB QTL (Poland et al., 2011).  
Approximately 37% were significantly different than the background inbred line 
‘W22’. 
 
Introduction 
A number of genome-wide association studies (GWAS) have been conducted to 
understand the genetic basis of complex traits, including disease resistance in maize. A 
large number of candidate genes have been suggested in maize through association 
mapping across various populations (Poland et al., 2011; Chia et al., 2012; Van 
Inghelandt et al., 2012; Schaefer and Bernardo 2013). Little has been done to confirm 
significant associations across independent germplasm sets, or to substantiate the role 
of candidate genes in pathogenesis through other methods, including functional and 
mutant studies. 
There are various reasons to infer that genome-wide association studies are 
prone to type 1 error. Polymorphisms not underlying natural variation might be 
significant in an association mapping study because they are in linkage disequilibrium 
with the causative polymorphism (Platt et al., 2010). Population structure and epistasis 
can further contribute to false positives (Platt et al., 2010). Other factors that may 
contribute to the difficulty of conducting GWAS in maize include the prevalence of 
low-frequency alleles, presence/absence variation, and the generally rapid breakdown 
of LD, which requires high-density genotypic coverage. Additional support must be 
provided to validate significant GWAS associations.  
To test the reliability of association mapping, mapping has been performed for 
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traits where the underlying genes are known and previous association mapping results 
reviewed with updated methods. In the case of kernel color in maize, the strongest 
association from the USDA-ARS RRIS collection was within Y1, a gene involved in 
carotenoid pigmentation in the endosperm (Romay et al., 2013). However, from the 
same study, a lower frequency trait, namely sweet versus starchy corn, significant 
polymorphisms defined a 14-Mb interval around Su1 (Romay et al., 2013). In other 
instances of further reanalysis of data, such as for the role of Dwarf8 in flowering time 
in maize, errors associated with association mapping have been unveiled (Larsson et 
al., 2013). From this study, it is clear that population structure needs to be properly 
accounted for in the statistical models used in association mapping. 
 One method of validating candidate genes is through the evaluation of mutant 
alleles to determine their effect on the phenotype of interest. The relationship between 
QTL and mutants has been explored in other species and for other traits. There are a 
number of studies in Drosophila where mutant populations have been screened for 
extreme phenotypes (Norga et al., 2003; Harbison et al., 2004; Magwire et al., 2010). 
Overlap is seen in these studies between mutants and QTL (Norga et al., 2003), and 
complementation tests with mutants have verified candidate genes underlying QTL 
(Edwards and Mackay 2009). 
In crop species, the relationships between mutants and QTL have varied. 
Results vary for the co-localization of QTL with genes in pathways known to be 
important to or mutants known to have an effect on the trait (Weng et al., 2011; 
Peiffer et al., 2013; Peiffer et al., 2014). Authors hypothesized that this may be due to 
a lack of natural variation in these genes or to negative fitness effects (Peiffer et al., 
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2013). In rice, ART1 was first described as involved in aluminum tolerance in rice 
based on a mutant study (Yamaji et al., 2009; Xia et al., 2010). Subsequently, a QTL 
study by Famoso et al. (2011) identified ART1 to be within the target region of an 
aluminum tolerance QTL.  
The objective of this study was to validate genes implicated by association 
mapping for resistance against northern leaf blight (NLB) in maize. This was achieved 
by identifying insertional mutant families with an effect on disease phenotype and by 
examining significant mutant-phenotype interactions. Lines significantly differing 
from the mutant background line ‘W22’ were identified. Lines showing significant 
within-family variation were also considered. Lines were then genotyped and 
genotype-phenotype interactions examined. Using this approach we explored the 
reliability of GWAS and examined the relationship between QTL and mutants. 
 
Materials and methods 
Identification of genes implicated by genome-wide nested association mapping 
A list of genome-wide nested association mapping results with BPP>1 was obtained 
from Chia et al. (2012). This analysis was completed using 55 million polymorphisms 
included in the HapMapV2 dataset (Chia et al., 2012), as well as the 1 million 
polymorphisms included in HapMapV1 dataset (Gore et al., 2009). This list included 
1,332 associations with BPP>1. Physical position coordinates of this dataset were 
based on B73 AGPv1 reference genome coordinates (Schnable et al., 2009). Galaxy 
was used to identify genes and domains associated with GWA results (Goecks et al., 
2010). AGP_v1 gene models were downloaded from http://www.gramene.org 
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(Youens-Clark et al., 2011). Positions of the associations were anchored to AGPv1 
and associations were classified as either genic or intergenic using Galaxy (Goecks et 
al., 2010). If associations were genic, the gene id was added to the candidate gene list. 
If the association was intergenic, the gene ids of the first gene to the left and first gene 
to the right were added to the candidate gene list. Interpro domains for each candidate 
gene were identified by joining the candidate gene list and Interpro domains for all 
genes with Galaxy (Goecks et al., 2010). 
 
Identification and selection of UniformMu lines carrying insertions within or adjacent 
to genes of interest 
A list of all available F4 UniformMu lines, which included the genes interrupted by a 
Mu transposon in each line, was downloaded from maizegdb.org (Andorf et al., 2010). 
The candidate gene list was cross-referenced to this list using Galaxy (Goecks et al., 
2010). If multiple UniformMu lines were available for a given gene, only one 
UniformMu line was selected for each gene, with the exception of associations with 
BPP>15 that were located within intervals based on previous QTL mapping studies.  
Also included were genes that were also implicated by southern leaf blight (SLB) 
GWAS (Chia et al., 2012) and those that were within regions of interest, namely the 
fine-mapping intervals located in maize bins 1.02, 1.06, or 8.06.  
 
Genotyping 
CTAB DNA was extracted as described by Doyle and Dickson (1987) and Chung et 
al. (2010b). Primers were designed based on sequences upstream and downstream of 
 148 
the insertion to amplify a product of approximately 500 bp using Primer3 (Untergasser 
et al., 2012). TIR6 and TIR8 were used to amplify the transposon (Settles et al., 
2004). Primers were obtained from IDT (Coralville, Iowa, USA).  
 
Phenotypic evaluation 
Northern leaf blight 
NLB evaluations were conducted at Cornell’s Robert Musgrave Research Farm in 
Aurora, NY in 2013. An incomplete block design was used, whereby each block was 
composed of a UniformMu family and a control wild-type W22. Each family 
consisted of a number of rows derived from a single stock of 15 kernels. Two 
replications were included for the large-scale screen, while three replications were 
included for high-interest mutant families that fell within the 1.06 fine-mapping 
interval (Jamann et al., 2014). NLB inoculations were performed as described by 
Chung et al. (2010a) using S. turcica race 1 isolate StNY001. Disease was assessed 
weekly on a row basis starting two weeks prior to flowering using a 0-100 percentage 
scale with an increments of one. Diseased leaf area (DLA) ratings were then used to 
calculate area under the disease progress curve (Wilcoxson et al., 1974; Chung et al., 
2010a).  
 
Flowering time  
Dates were recorded when half of the plants within a row were shedding pollen. This 
date was then subtracted from the planting date (May 17, 2013) to calculate the days 
to anthesis. 
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Statistical analysis 
Each family was derived from a single UniformMu stock and each family was 
analyzed individually for within-family differences. Stock lines was increased in 
winter nursery and multiple rows derived from each stock were evaluated in the field 
in 2013. Each family was analyzed to identify significant differences among rows, or 
within families. In order to identify families with significant within-family variation, a 
mixed model was run in JMP 9.0 (Cary, NC, USA) with AUDPC as the response and 
replication as a random factor. R was used to create box plots and histograms (R Core 
Development Team 2013). 
As a complimentary approach, AUDPC values were subtracted from control 
W22 lines within blocks and confidence intervals (95%) were computed based on the 
deviations of rows from the control line (W22) row to identify phenotypic extremes. 
Subtracting disease values from W22 was done to account for the variation in disease 
across the field. Secondly, a Dunnett’s test was performed to identify lines that 
differed significantly from W22. These two criteria were used to identify families that 
significantly differed from W22 (Magwire et al., 2010). 
 
Results 
Candidate gene identification 
A total of 1,588 genes were identified. Of these, 243 SNPs were located within genes 
and the rest were implicated by an intergenic association. A total of 606 of the genes 
implicated by genome-wide nested association mapping had corresponding 
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UniformMu lines associated with them. In order to reduce the number of UniformMu 
lines for phenotypic analysis, criteria were imposed. For most of the genome, only 
genes with associations with BPP>15 were taken forward. Genes are shown in Table 
1. For intervals of particular interest (1.02, 1.06, and 8.06) all implicated UniformMu 
lines were included, as well as any lines associated with genes implicated by both the 
NLB and SLB GWAS. This reduced the UniformMu stock lines to n=123. The 
UniformMu lines have many insertions and may be heterozygous for insertions of 
interest. The lines were ordered from the stock center and then self-pollinated in 
winter nursery to increase seed and to generate families including homozygous 
insertion lines. The resulting F6 progeny were scored for NLB severity. 
 
Families showing significant differences 
Upon analysis of phenotypic data within families, we found 12 of 123 (9.8%) families 
to be significant, as shown in Table 2 and Fig. 1.  Of these, five were in the 8.06 
interval of interest.  Furthermore, six were also implicated by association analysis of 
SLB. Nine of these genes fell within NAM joint linkage mapping QTL (Poland et al., 
2011). Interestingly, no associations among the 12 had BPP values greater than 50 and 
about half had BPP values of 1.  
 
Families with significantly different phenotypes than W22 
The Dunnett’s test revealed 46 families (37.4%) that were significantly different than 
W22, as shown in Table 3. Additionally six families were identified from confidence 
interval calculations, five of which were identified by the Dunnett’s test. Combined, 
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47 lines were identified as significantly different than W22, or 38.2% of the total lines 
tested. Lines are shown in Table 3. 
 
Discussion 
In this study, we found that only 9.8% of UniformMu lines had significant 
differences within families, and 38.2% of families were significantly different than 
W22. The families not identified by these two analyses could be due to false positives 
from the association analysis, small effects of the QTL, or a non-functional copy in 
wild-type W22. Additional genotyping is needed to establish significant genotype-
phenotype segregation. The list of families with significant genotype-phenotype 
segregation will likely be different than the within- or among- family analyses.  
Many of the significant within-family families had insertions in genes within 
joint linkage mapping QTL, as shown in Figure 1. Further testing is needed to 
determine whether this was due to biases of the experimental design, or whether 
GWAS associations within joint linkage QTL are more likely to be real.  
 This data suggests that there may be a basis for pleiotropic multiple disease 
resistance. Half of the significant families from the within-family analysis were also 
implicated by association analysis for SLB. These families should be tested for SLB.  
Linkage was believed to play a large role in the instances of multiple disease 
resistance that have been observed as opposed to pleiotropy (Wallace et al., 2014). 
This data suggests that there may be instances of single genes having effects on 
resistance to multiple diseases. 
In this study, the genes immediately upstream and downstream of an 
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association were considered the candidate genes for the intergenic polymorphism. 
Another approach used in association studies is to consider all of the genes that are in 
LD with the significant hits in this region (Chen et al., 2012). This approach would 
provide a more accurate representation of the genes implicated by association 
mapping, but would introduce additional candidates.  
Here we present evidence to support candidate genes implicated by GWAS. 
Each family had many insertions and lines must be genotyped for insertions of 
interest. Additional phenotyping is also necessary. Phenotypes here are based on one 
season of data. A genotype-phenotype association is needed to substantiate the 
hypotheses established here.  
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Figure 1. Insertion map. This figure shows the chromosomal location of insertions 
tested for NLB and whether they lie within NLB joint linkage QTL. Those insertions 
denoted in purple have mutants with significantly different NLB phenotypes, while no 
significant phenotype was found in mutant lines shown in gold. 
  
 154 
Table 1. Genes implicated by Chia et al. (2012) for NLB resistance. Genome-wide 
association mapping results for NLB from Chia et al. (2012) were used to identify 
genes containing significant associations or adjacent to significant associations if 
implicated polymorphism was intergenic. Genes implicated by a bootstrap posterior 
probability greater than 15 are shown. 
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BPP Allele Interpro Domain 
78 T/C Serine-threonine/tyrosine-protein kinase 
78 T/C Uncharacterized gene 
63 G/C F-box domain, cyclin-like 
47 CNV+ Disease resistance protein 
47 CNV+ Disease resistance protein 
44 CNV- Serine-threonine/tyrosine-protein kinase 
44 CNV- Zinc finger, A20-type 
43 A/G Uncharacterized gene 
41 A/G Uncharacterized gene 
40 T/C Uncharacterized gene 
40 T/C Spermine synthase 
31 A/G NAD-dependent epimerase/dehydratase 
28 C/T Bromodomain 
28 C/T Uncharacterized gene 
25 G/A Exoribonuclease, phosphorolytic domain 2 
25 G/A Isopenicillin N synthase 
25 C/T Ras GTPase 
25 T/C Immunodeficiency virus transactivating regulatory 
protein (Tat) 
25 T/C Uncharacterized gene 
23 A/G Rad21/Rec8 like protein, C-terminal 
23 A/G Uncharacterized gene 
21 C/T DNA mismatch repair protein MutS, C-terminal 
19 T/C Transferase 
19 T/C EGF-type aspartate/asparagine hydroxylation site 
19 C/A Protein of unknown function DUF125, transmembrane 
18 G/A Uncharacterized gene 
17 T/G Serine-threonine/tyrosine-protein kinase 
16 C/A Per1-like 
16 C/A Cytochrome P450 
16 G/A Like-Sm ribonucleoprotein (LSM) domain 
16 G/A Uncharacterized protein family UPF0497, trans-
membrane plant subgroup 
15 A/G Prenyltransferase/squalene oxidase 
15 A/G Serine-threonine/tyrosine-protein kinase 
15 C/T Uncharacterized gene 
15 C/T Zinc finger, B-box 
15 G/C Cryptochrome/DNA photolyase, class 1 
15 C/T Lipase, GDSL 
15 C/T Uncharacterized gene 
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Table 2. Families with significant within-family variation for NLB. To identify 
families of high priority for genotyping, families were analyzed for significant within-
family differences. These families are being genotyped to analyze co-segregation of 
phenotype and genotype. 
Family Gene Chromosome Joint Linkage QTL  
(Poland et al., 
2011) 
GWAS Disease 
UFMu-
06756 
Protein of 
unknown function 
Chr1 Inside NLB, SLB 
 Zinc-finger Chr1 Inside NLB 
UFMu-
07364 
Major intrinsic 
protein 
Chr1 Inside NLB, SLB 
UFMu-
01980 
Adenylate kinase Chr3 Outside 
 
NLB, SLB 
UFMu-
01984 
Armadillo Chr5 Outside 
 
NLB, SLB 
UFMu-
06512 
C2 calcium-
dependent 
membrane 
targeting 
Chr8 Outside 
 
NLB 
UFMu-
06007 
WD40 repeat Chr8 Inside NLB 
UFMu-
05423 
Target SNARE 
coiled-coil 
domain 
Chr8 Inside NLB, SLB 
UFMu-
05156 
MADF domain Chr8 Inside NLB 
UFMu-
03115 
Lipase, GDSL Chr8 Inside NLB 
UFMu-
02602 
Kinesin, motor 
domain 
Chr8 Inside NLB 
UFMu-
03522 
Lipase, GDSL Chr10 Inside NLB, SLB 
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Table 3. UniformMu lines significantly different than W22 for NLB. Lines (n=47) 
that significantly differed from W22 based on either a Dunnett’s test or confidence 
intervals. 
Significant lines Method 
UFMu-00652 Dunnett's 
UFMu-00841 Dunnett's 
UFMu-00895 Dunnett's 
UFMu-01040 Dunnett's 
UfMu-01180 Dunnett's 
UFMu-01373 Dunnett's 
UFMu-01469 Dunnett's 
UFMu-01716 95% Confidence interval; Dunnett's 
UFMu-01882 Dunnett's 
UfMu-01990 Dunnett's 
UFMu-01998 Dunnett's 
UFMu-02492 Dunnett's 
UFMu-02596 Dunnett's 
UFMu-02632 Dunnett's 
UFMu-02693 95% Confidence interval 
UFMu-02750 95% Confidence interval; Dunnett's 
UFMu-02776 Dunnett's 
UFMu-03016 Dunnett's 
UFMu-04211 Dunnett's 
UFMu-04414 Dunnett's 
UFMu-04443 Dunnett's 
UFMu-04549 Dunnett's 
UFMu-05553 Dunnett's 
UFMu-05759 Dunnett's 
UFMu-06342 Dunnett's 
UFMu-06455 Dunnett's 
UFMu-06511 Dunnett's 
UFMu-06514 Dunnett's 
UFMu-06550 Dunnett's 
UFMu-06564 Dunnett's 
UFMu-06572 Dunnett's 
UFMu-06583 Dunnett's 
UFMu-06591 Dunnett's 
UFMu-06637 Dunnett's 
UFMu-06682 Dunnett's 
UFMu-06715 Dunnett's 
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UFMu-07245 Dunnett's 
UFMu-07380 Dunnett's 
UFMu-07408 95% Confidence interval; Dunnett's 
UFMu-07882 Dunnett's 
UFMu-07888 Dunnett's 
UFMu-07985 Dunnett's 
UFMu-08013 Dunnett's 
UFMu-08041 Dunnett's 
UFMu-08088 Dunnett's 
UFMu-08146 Dunnett's 
UFMu-08159 Dunnett's 
 159 
REFERENCES 
Andorf CM, Lawrence CJ, Harper LC, Schaeffer ML, Campbell DA, Sen TZ (2010) 
The Locus Lookup tool at MaizeGDB: identification of genomic regions in 
maize by integrating sequence information with physical and genetic maps. 
Bioinformatics 26:434-436 
Chen C, DeClerck G, Tian F, Spooner W, McCouch S, Buckler E (2012) PICARA, an 
analytical pipeline providing probabilistic inference about a priori candidates 
genes underlying genome-wide association QTL in plants. PLoS One 7:e46596 
Chia JM, Song C, Bradbury PJ, Costich D, de Leon N, Doebley J, Elshire RJ, Gaut B, 
Geller L, Glaubitz JC, Gore M, Guill KE, Holland J, Hufford MB, Lai J, Li M, 
Liu X, Lu Y, McCombie R, Nelson R, Poland J, Prasanna BM, Pyhajarvi T, 
Rong T, Sekhon RS, Sun Q, Tenaillon MI, Tian F, Wang J, Xu X, Zhang Z, 
Kaeppler SM, Ross-Ibarra J, McMullen MD, Buckler ES, Zhang G, Xu Y, 
Ware D (2012) Maize HapMap2 identifies extant variation from a genome in 
flux. Nat Genet 44:803-807 
Chung CL, Jamann T, Longfellow J, Nelson R (2010a) Characterization and fine-
mapping of a resistance locus for northern leaf blight in maize bin 8.06. Theor 
Appl Genet 121:205-227 
Chung CL, Longfellow JM, Walsh EK, Kerdieh Z, Van Esbroeck G, Balint-Kurti P, 
Nelson RJ (2010b) Resistance loci affecting distinct stages of fungal 
pathogenesis: use of introgression lines for QTL mapping and characterization 
in the maize--Setosphaeria turcica pathosystem. BMC Plant Biol 10:103 
Doyle JJ, Dickson EE (1987) Preservation of plant samples for DNA restriction 
 160 
endonuclease analysis. Taxon:715-722 
Edwards AC, Mackay TF (2009) Quantitative trait loci for aggressive behavior in 
Drosophila melanogaster. Genetics 182:889-897 
Famoso AN, Zhao K, Clark RT, Tung CW, Wright MH, Bustamante C, Kochian LV, 
McCouch SR (2011) Genetic architecture of aluminum tolerance in rice (Oryza 
sativa) determined through genome-wide association analysis and QTL 
mapping. PLoS Genet 7:e1002221 
Goecks J, Nekrutenko A, Taylor J, Galaxy T (2010) Galaxy: a comprehensive 
approach for supporting accessible, reproducible, and transparent 
computational research in the life sciences. Genome Biol 11:R86 
Gore MA, Chia JM, Elshire RJ, Sun Q, Ersoz ES, Hurwitz BL, Peiffer JA, McMullen 
MD, Grills GS, Ross-Ibarra J, Ware DH, Buckler ES (2009) A first-generation 
haplotype map of maize. Science 326:1115-1117 
Harbison ST, Yamamoto AH, Fanara JJ, Norga KK, Mackay TF (2004) Quantitative 
trait loci affecting starvation resistance in Drosophila melanogaster. Genetics 
166:1807-1823 
Jamann T, Poland J, Kolkman K, Smith L, Nelson R (2014) Unraveling genomic 
complexity at a quantitative disease resistance locus in maize implicates 
structural variation and the receptor-like kinase. Genetics. Submitted. 
Larsson SJ, Lipka AE, Buckler ES (2013) Lessons from Dwarf8 on the strengths and 
weaknesses of structured association mapping. PLoS Genet 9:e1003246 
Magwire MM, Yamamoto A, Carbone MA, Roshina NV, Symonenko AV, Pasyukova 
EG, Morozova TV, Mackay TF (2010) Quantitative and molecular genetic 
 161 
analyses of mutations increasing Drosophila life span. PLoS Genet 
6:e1001037 
McCarty DR, Suzuki M, Hunter C, Collins J, Avigne WT, Koch KE (2013) Genetic 
and molecular analyses of UniformMu transposon insertion lines. Methods in 
molecular biology 1057:157-166 
Norga KK, Gurganus MC, Dilda CL, Yamamoto A, Lyman RF, Patel PH, Rubin GM, 
Hoskins RA, Mackay TF, Bellen HJ (2003) Quantitative analysis of bristle 
number in Drosophila mutants identifies genes involved in neural 
development. Curr Biol 13:1388-1396 
Peiffer JA, Flint-Garcia SA, De Leon N, McMullen MD, Kaeppler SM, Buckler ES 
(2013) The genetic architecture of maize stalk strength. PLoS One 8:e67066 
Peiffer JA, Romay MC, Gore MA, Flint-Garcia SA, Zhang Z, Millard MJ, Gardner 
CA, McMullen MD, Holland JB, Bradbury PJ, Buckler ES (2014) The genetic 
architecture of maize height. Genetics 
Poland JA, Bradbury PJ, Buckler ES, Nelson RJ (2011) Genome-wide nested 
association mapping of quantitative resistance to northern leaf blight in maize. 
Proceedings of the National Academy of Sciences of the United States of 
America 108:6893-6898 
Romay MC, Millard MJ, Glaubitz JC, Peiffer JA, Swarts KL, Casstevens TM, Elshire 
RJ, Acharya CB, Mitchell SE, Flint-Garcia SA, McMullen MD, Holland JB, 
Buckler ES, Gardner CA (2013) Comprehensive genotyping of the USA 
national maize inbred seed bank. Genome Biol 14:R55 
Schaefer CM, Bernardo R (2013) Genomewide association mapping of flowering 
 162 
time, kernel composition, and disease resistance in historical Minnesota Maize 
Inbreds. Crop Sci 53:2518-2529 
Schnable PS, Ware D, Fulton RS, Stein JC, Wei F, Pasternak S, Liang C, Zhang J, 
Fulton L, Graves TA, Minx P, Reily AD, Courtney L, Kruchowski SS, 
Tomlinson C, Strong C, Delehaunty K, Fronick C, Courtney B, Rock SM, 
Belter E, Du F, Kim K, Abbott RM, Cotton M, Levy A, Marchetto P, Ochoa 
K, Jackson SM, Gillam B, Chen W, Yan L, Higginbotham J, Cardenas M, 
Waligorski J, Applebaum E, Phelps L, Falcone J, Kanchi K, Thane T, Scimone 
A, Thane N, Henke J, Wang T, Ruppert J, Shah N, Rotter K, Hodges J, 
Ingenthron E, Cordes M, Kohlberg S, Sgro J, Delgado B, Mead K, Chinwalla 
A, Leonard S, Crouse K, Collura K, Kudrna D, Currie J, He R, Angelova A, 
Rajasekar S, Mueller T, Lomeli R, Scara G, Ko A, Delaney K, Wissotski M, 
Lopez G, Campos D, Braidotti M, Ashley E, Golser W, Kim H, Lee S, Lin J, 
Dujmic Z, Kim W, Talag J, Zuccolo A, Fan C, Sebastian A, Kramer M, 
Spiegel L, Nascimento L, Zutavern T, Miller B, Ambroise C, Muller S, 
Spooner W, Narechania A, Ren L, Wei S, Kumari S, Faga B, Levy MJ, 
McMahan L, Van Buren P, Vaughn MW, Ying K, Yeh CT, Emrich SJ, Jia Y, 
Kalyanaraman A, Hsia AP, Barbazuk WB, Baucom RS, Brutnell TP, Carpita 
NC, Chaparro C, Chia JM, Deragon JM, Estill JC, Fu Y, Jeddeloh JA, Han Y, 
Lee H, Li P, Lisch DR, Liu S, Liu Z, Nagel DH, McCann MC, SanMiguel P, 
Myers AM, Nettleton D, Nguyen J, Penning BW, Ponnala L, Schneider KL, 
Schwartz DC, Sharma A, Soderlund C, Springer NM, Sun Q, Wang H, 
Waterman M, Westerman R, Wolfgruber TK, Yang L, Yu Y, Zhang L, Zhou 
 163 
S, Zhu Q, Bennetzen JL, Dawe RK, Jiang J, Jiang N, Presting GG, Wessler 
SR, Aluru S, Martienssen RA, Clifton SW, McCombie WR, Wing RA, Wilson 
RK (2009) The B73 maize genome: complexity, diversity, and dynamics. 
Science 326:1112-1115 
Settles AM, Holding DR, Tan BC, Latshaw SP, Liu J, Suzuki M, Li L, O'Brien BA, 
Fajardo DS, Wroclawska E, Tseung CW, Lai J, Hunter CT, 3rd, Avigne WT, 
Baier J, Messing J, Hannah LC, Koch KE, Becraft PW, Larkins BA, McCarty 
DR (2007) Sequence-indexed mutations in maize using the UniformMu 
transposon-tagging population. BMC genomics 8:116 
Settles AM, Latshaw S, McCarty DR (2004) Molecular analysis of high-copy 
insertion sites in maize. Nucleic Acids Res 32:e54 
R Core Development Team (2013) R: A language and environment for statistical 
computing. R Foundation for Statistical Computing, Vienna, Austria 
Untergasser A, Cutcutache I, Koressaar T, Ye J, Faircloth BC, Remm M, Rozen SG 
(2012) Primer3—new capabilities and interfaces. Nucleic Acids Res 40:e115 
Van Inghelandt D, Melchinger AE, Martinant JP, Stich B (2012) Genome-wide 
association mapping of flowering time and northern corn leaf blight 
(Setosphaeria turcica) resistance in a vast commercial maize germplasm set. 
BMC Plant Biol 12:56 
Wallace JG, Larsson SJ, Buckler ES (2014) Entering the second century of maize 
quantitative genetics. Heredity (Edinb) 112:30-38 
Weng J, Xie C, Hao Z, Wang J, Liu C, Li M, Zhang D, Bai L, Zhang S, Li X (2011) 
Genome-wide association study identifies candidate genes that affect plant 
 164 
height in Chinese elite maize (Zea mays L.) inbred lines. PLoS One 6:e29229 
Wilcoxson R, Atif A, Skovmand B (1974) Slow rusting of wheat varieties in the field 
correlated with stem rust [Puccinia graminis tritici] severity on detached 
leaves in the greenhouse. Plant Disease Reporter 58:3 
Xia J, Yamaji N, Kasai T, Ma JF (2010) Plasma membrane-localized transporter for 
aluminum in rice. Proceedings of the National Academy of Sciences of the 
United States of America 107:18381-18385 
Yamaji N, Huang CF, Nagao S, Yano M, Sato Y, Nagamura Y, Ma JF (2009) A zinc 
finger transcription factor ART1 regulates multiple genes implicated in 
aluminum tolerance in rice. Plant Cell 21:3339-3349 
Youens-Clark K, Buckler E, Casstevens T, Chen C, Declerck G, Derwent P, 
Dharmawardhana P, Jaiswal P, Kersey P, Karthikeyan AS, Lu J, McCouch SR, 
Ren L, Spooner W, Stein JC, Thomason J, Wei S, Ware D (2011) Gramene 
database in 2010: updates and extensions. Nucleic Acids Res 39:D1085-1094 
Yu J, Holland JB, McMullen MD, Buckler ES (2008) Genetic design and statistical 
power of nested association mapping in maize. Genetics 178:539-551
165 
CHAPTER 5 
 
CONCLUSIONS 
 
Quantitative disease resistance (QDR) is a complex phenomenon and determining the 
genes and mechanisms underlying it is difficult. Many genes may have small effects 
on resistance phenotypes. The maize genome is plastic and often times the reference 
genome is not the resistance donor. Advances have been made in offering glimpses 
into the maize pan-genome, but high-quality assembled, annotated sequence 
information is available only for the reference line. Despite these difficulties, I have 
identified candidate genes for resistance to northern leaf blight (NLB) and Stewart’s 
wilt. I have validated pan1 as a susceptibility gene for both diseases and have also 
presented strong evidence for the putative remorin gene and the putative F-box gene as 
resistance-related genes. This dissertation touches on a number of topics relating to 
QDR, including the genetic architecture and basis of QDR and the pleiotropic nature 
of disease resistance in maize.  
 
Genetic architecture of disease resistance 
The genetic architecture of disease resistance in maize is even more complex than 
previously thought. Poland et al., (2011) and Kump et al., (2011) identified 29 QTL 
for northern leaf blight and 32 QTL for southern leaf blight, respectively. The findings 
presented in this dissertation suggest that not only do multiple genes underlie each 
locus, but structural variation also plays a role in disease resistance. This complexity 
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makes it exceedingly difficult to identify and confirm genes associated with resistance 
and a multi-faceted approach is needed to address the complexity of disease resistance. 
The complex genetic architecture also reflects the long co-evolution of maize 
and the microbes that associate with it. Wallace et al. (2013) presented the hypothesis 
that traits that have been selected upon for a long time horizon have more QTL of 
smaller effects. That is what we have found for the interaction between maize and S. 
turcica with many loci contributing to the interaction. This contrasts with gray leaf 
spot, for example, where the jump to maize pathogenicity is more recent and there are 
a smaller number of QTL (Benson 2013). Combining multiple loci may provide larger 
effect, more durable resistance. A better understanding of the mechanisms of 
resistance and their deployment could improve breeding for disease resistance. 
For disease resistance, as well as for other traits, that there are regions of the 
genome that contain clusters of QTL, including maize bin 1.06. Bin 1.06 is important 
not only for disease, but also other agronomic traits, and offers some insight into the 
relationship between genome structure and trait-associated variation. It is a tantalizing 
hypothesis that there is a haplotype associated with variation for multiple traits that is 
retained through selection and genome structure at the region that favors low 
recombination. A next step in addressing this hypothesis might be to evaluate the fine-
mapping population for other traits to examine the co-localization of the QTL. 
This research suggests that there may be a role for pleiotropy in multiple 
disease resistance, based on the overlapping fine-mapping intervals, pan1 mutants 
with phenotypic differences for two diseases, and UniformMu lines selected for 
resistance to NLB and potentially SLB. I initially selected loci for fine-mapping that 
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were known to provide protection against multiple pathogens. pan1 emerged as a 
candidate gene for NLB and has been shown here to be a susceptibility gene for both 
NLB and Stewart’s wilt. A complementation test is needed to determine whether pan1 
is underlying these two QTL. The fine-mapping interval for NLB and Stewart’s wilt 
resistance at 1.06 is the most promising locus to be conditioned by a gene with 
pleiotropic effects. The fine-mapping confidence intervals for both diseases 
overlapped and the QTL peaks co-localized. The stronger Stewart’s wilt effect may be 
reflected in the narrower confidence interval, while the weaker NLB effect may cause 
the fine-mapping interval to be larger. Re-sequencing of the Stewart’s wilt interval is 
needed to determine the genic content of Tx303, the resistance donor, in this region. 
Community resources, including re-sequencing and annotation of diverse lines, that 
provide more insight into the genomic structure of other diverse lines would be helpful 
in dissecting complex traits in complex genomes. 
 
Identifying genes associated with resistance 
Based on my experiences fine-mapping, I would recommend an alternate approach for 
identifying genes associated with resistance. While fine-mapping provides strong 
evidence for candidate genes, it is ideal for QTL with high LOD scores and regions 
with high recombination rates. For many of these NLB resistance loci, these 
conditions are not met, requiring a different approach. Genome-wide association 
studies reveal many candidate genes and those can be followed up on with expression 
studies and mutant analysis.  
 A large number of candidate genes are being generated through association 
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mapping using different germplasm. For the most part, these candidates have not been 
compared across studies or independently validated. In order to take full advantage of 
these studies, findings must be curated. A meta-analysis of current studies would 
provide a mechanism by which to select the best candidates for further study. Those 
associations with the strongest statistical support from one panel could still be false 
positives or an aggregation of statistical support from linked genotypes. Selecting only 
a few candidates from association studies remains a challenge for this reason and 
alignment of different lines of evidence (i.e. other QTL studies, transcriptomics, 
metabolomics, etc.) is crucial to selecting candidates for validation. 
Increasing the difficulty of validating candidate genes from association 
mapping is that association results vary from one analysis to another. Linkage and 
fine-mapping may also disagree with association mapping results. This was the case 
with rik. Screening of additional recombinants and an association re-analysis with 
updated kinship matrix refuted rik as a candidate gene. However, rik is up-regulated in 
response to S. turcica and there is strong literature support. It is possible that rik may 
be important in other populations, but not in this fine-mapping population.  
Transcriptomics, even more powerful when combined with GWAS, can 
identify and validate genes involved in a trait. For example, exploring the differences 
in gene expression between the NILs would provide insight into what genes in the 
introgression may be modulating the resistance phenotype, as well as other genes and 
processes that are influenced by the QTL of interest. The data may be difficult to 
interpret however, as many genes may be differentially expressed. The availability of 
mutants for a significant number of genes in the maize genome makes this combined 
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approach of GWAS, transcriptomics, and mutant analysis attractive. The challenge in 
validating genes will be the increasingly small effects of each individual gene. 
Superior phenotyping methods may be needed to confirm the role of genes with small 
effects on disease phenotypes. More exact phenotyping may also improve the 
accuracy of association studies.  
 
Breeding for disease resistance 
Different breeding strategies are used at different stages of a breeding program. 
Genomic selection can be used early in a program to remove lines with low potential. 
Phenotypic selection can be used to develop improved lines. Meanwhile, marker-
assisted selection can be used to incorporate a QTL for disease resistance at the 
finishing stage. Information about these loci could be applied during genomic 
selection to ensure that favorable alleles are in the population. The resolution of these 
fine-mapping studies narrows the loci sufficiently that marker-assisted selection could 
be applied for these loci.  
  Recently genomic selection has received a great deal of attention for its 
potential to accelerate breeding efforts and select for traits with low heritability 
(Heffner et al., 2009). There are limitations in the applicability of GS models across 
diverse environments and the technique is still under evaluation to determine its best 
use. In the case of breeding for drought tolerance, prediction was used to select for 
anthesis-silking interval to remove lines with poor performance (Cooper et al., 2014). 
A match must be struck between using genomic selection, phenotypic selection and 
integrating previous, including QTL, knowledge. This depends on matching 
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objectives, resources, and inheritance patterns. 
 
Plant pathology 
The field of plant immunity is advancing, but there has been limited integration 
between plant breeding and genetics and plant immunity research. Additionally, 
integration is needed between seed systems, agronomic management, and the use of 
crop diversity to advance crop protection strategies. Progress is being made in 
identifying effectors and using that information to identify corresponding R genes 
providing protection (Vleeshouwers 2011). Identifying suites of core effectors using 
next-generation sequencing and subsequent identification and stacking of R genes 
holds promise to incorporate durable resistance into crops (Dangl et al., 2013). Plant 
immunity and systems biology research are providing insight into multiple disease 
resistance and showing that highly connected proteins are targets effectors, as well as 
hormone-related genes (Mukhtar et al., 2011; Todesco et al. 2010).  
 
Future directions 
While I have made significant progress in identifying and validating candidate genes, 
further validation is required. The molecular mechanisms of resistance are not 
apparent from putative functions based on computational annotations; cell biology 
investigations are needed. Function of the genes must be confirmed. The 
histopathology and transcriptomics I have been involved in are important to 
understanding the molecular mechanisms. Integrating ‘omics’ data into a systems level 
understanding will also deepen the understanding of the disease resistance system. 
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Understanding the evolutionary dynamics surrounding these QTL would also be a 
significant contribution towards understanding the co-evolution of plant and pathogen 
and might provide insights into the durability of these loci. 
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APPENDIX 
FINE-MAPPING OF HT2 
Introduction 
Both quantitative and qualitative resistance has been mapped for northern leaf 
blight (NLB) caused by Setosphaeria turcica. A number of major genes have been 
described, including Ht1, Ht2, Ht3, and HtN (Hooker 1963, 1981; Hooker et al., 1964; 
Hooker and Tsung 1980; Hooker 1977; Raymundo et al., 1981). Ht1 has been mapped 
to the smallest interval, having been narrowed to an 18 kb region containing two 
candidate genes (Wilson et al., 2010). In another study, an NB-LRR gene cluster has 
been suggested to underlie the major gene Ht1 (Martin et al., 2011).  
Multiple QTL studies have mapped NLB resistance to bin 6 of chromosome 8 
(8.06) (Wisser et al., 2006). The nested association mapping (NAM) populations 
identified two QTL at 8.06 and by genome-wide association mapping led to 
identification of hits in the 8.06 region (Poland et al., 2011). One NAM GWAS hit 
was within the fine mapping interval (Poland et al., 2011). It is located at 150,923,689 
(RefGen_v1), which is between ctg358-37 and ctg358-44 in the Ht2 fine-mapping 
interval. 
The 8.06 region is known to harbor major genes, including Ht2 and HtN. The 
original source of Ht2 is NN14B. Ht2 has been localized to 8.06 by previous fine-
mapping studies (Chung et al., 2010). Using a DK888 x S11 HIF population, Chung et 
al. (2010) were able to narrow the fine-mapping interval to 0.46 Mb, which contained 
12 genes. A total of 47 recombinants in the 0.46 Mb region were identified, but a lack 
of marker density did not allow for further narrowing of the region. Since this 
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publication, genotyping-by-sequencing (GBS) has proven useful in identifying 
polymorhpisms in lines lacking extensive publical marker data (Elshire et al., 2011). 
GBS was used in this study to identify SNP markers and further narrow the region 
using the recombinants across the 0.46 Mb region. 
The main objectives of this study were to further narrow the physical region 
constituting Ht2 using new markers developed from the GBS of the HIFs and to 
examine whether the DK888 genome is co-linear with the B73 genome in the fine-
mapping region.  
 
Materials and Methods  
Genotyping  
GBS was performed on samples derived from recombinants from the DK888 x S11 
fine-mapping population. DNA was extracted using a Qiagen DNA extraction kit and 
GBS performed as previously described Elshire et al. (2011). Included in the samples 
for GBS were 33 DK888 x S11 recombinants, NN14B (a donor of Ht2), A619Ht2, 
A619, Oh43Ht2, Oh43, Pa91Ht2 and Pa91. 
 
Breakpoint analysis  
SNPs derived from GBS of the recombinants were filtered so that only markers with 
no missing data were included in the analysis. IP scores collected in Aurora in 2009 
(Chung et al., 2010) were used in the breakpoint analysis. Single marker regression 
was performed in R using R/qtl as previously described (Jamann et al., 2014) 
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Candidate gene identification 
Candidate genes were considered based on position within the refined fine-mapping 
interval.  
 
Genome structure 
Non-B73 GBS tags that genetically mapped to 8.06 were obtained, as well as a count 
of the number of times a given tag was found in a given line (Fei Lu, personal 
communication).  Tag counts were obtained for the recombinants and differential 
lines. Genotypes were transformed into 0 indicating no tag counts and 1 indicating tag 
counts, and phenotypes were transformed into 0 indicating resistant and 1 indicating 
susceptible. The correlations between genotype and phenotype were then examined. 
 
Results 
Using SNP markers with no missing data on the recombinants, the region was 
narrowed to a 143 kb interval spanning from 152,113,104 to 152,256,255 bp on 
chromosome 8, as shown in Fig. 1. Within this interval, there are five genes, including 
a putative reticulon (GRMZM2G091973), an uncharacterized gene 
(GRMZM2G393150), a cytidylyltransferase (GRMZM2G092018), a retrotransposon 
protein (GRMZM5G882216), and a putative serine/threonine protein phosphatase 
(GRMZM2G518717). It is important to note that two protein kinases immediately 
upstream of the narrowed fine-mapping interval, which were emphasized in the 
original fine-mapping study (Chung et al., 2010), were not within this narrowed 
interval. The putative cytidylyltransferase contained a significant intronic NAM 
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association with a BPP value of 1.  
 A strong correlation between GBS tags and phenotypes was found between a 
tag at 152,103,243 bp, just upstream of the region, as shown in Figure 2. A BLAST 
search of the 64 bp tag did not identify any similar sequences. The strong correlation 
indicates that there is most likely structural variation that underlies the major gene 
Ht2. Sequencing of the fine-mapping region is needed. 
 
Discussion 
Using GBS to increase genotypic density on a population derived from parents not 
included in the HapMap dataset demonstrates the usefulness of GBS. Also, the high 
genotypic density was sufficient to narrow the region significantly. Interestingly, two 
putative protein kinases (GRMZM2G164612 and GRMZM2G451147) that are 
homologs of Arabidopsis suppressor of npr1-1, SNC4, are just outside of the fine-
mapping interval. This, along with an immediate adjacent protein kinase, were 
emphasized by Chung et al. (2010) as very strong candidate genes.  
The phenomenon of presence/absence variation in maize is well-described and 
there are high levels of genomic variation, even between two temperate inbreds (Fu 
and Dooner 2002; Springer et al., 2009). A lack of genome integrity at 8.06 has been 
noted in other populations (Kolkman, personal communication). It is quite possible 
that the resistance gene is not present in B73, the sequenced line from which the 
candidate gene list was compiled. With any further narrowing of the region that 
reduces the number of candidate genes by position, it needs to be considered that the 
gene may not be present in the B73 genome, and thus may be absent from the 
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candidate gene list. Supporting this hypothesis is the strong correlation of non-B73 
genome tags that map to the region with the disease phenotype.  
The region encompassing Ht2 has been narrowed and non-B73 genetic 
material identified that associated with the resistance phenotype. In order to identify 
the genic content of the fine-mapping region in DK888, complete sequencing across 
the region is needed to identify genes that may be present in DK888 but absent in B73. 
GBS tags might be used as an anchor point for PCR amplification. 
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Figure 1. Fine-mapping. Fine-mapping results for qNLB8.06DK888. 
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Figure 2. Presence/absence variation across the region of interest. A strong 
correlation was found between the presence or absence of non-B73 tags and disease 
phenotype in the DK888 fine-mapping population and the Ht2 differential lines. The 
most highly correlated tag segregated nearly perfectly with resistance to NLB. 
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